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Introduction
On a New Kind of Rays (1895), was the title of the manuscript submitted to the 
Würzburg Physical Medical Institute by Wilhelm Conrad Röntgen, the discoverer of 
X-rays. X-rays are electromagnetic radiation that can penetrate through the body. 
The energy absorption of the radiation is dependent on the type of tissue, allowing for 
visualization of objects with different energy absorption levels, for instance bones 
and soft tissue. In the beginning, the new X-ray technology was mainly used in the 
battlefields for the localization of bullets and other foreign objects in soldiers. 
Radiography immediately proved its value and was quickly used for diagnosis, but 
also treatment, of many kinds of diseases. Almost 120 years later radiography is still 
the backbone of the radiology department, and is very important hospital-wide. 
Radiography of the chest is currently the most commonly acquired radiological 
exam1. Chest radiography (CXR) is being used to rule out cardiopulmonary disease, 
to study the effect of treatment, and to follow-up patients, but also represents an 
important tool for the diagnosis of lung cancer.
Lung Cancer and Chest Radiography
Lung cancer is the most common and most deadly cancer worldwide2. Patient survival is 
strongly dependent on the disease stage upon discovery, with a five-year survival ranging 
from 54% in an early stage to less than 5% in an advanced stage3. Unfortunately, lung 
cancer is often diagnosed when the cancer has already spread to other body parts. 
Early detection of lung cancer is therefore crucial. However, a significant amount of 
lung cancers is being missed on chest radiographs, although being visible in the 
image in retrospect4,5. Literature that looked at the actual frequency of lung cancers 
missed at chest radiography report numbers that differ widely ranging from 19% to 
90%4,6-9. Those numbers are based on an outdated screen film radiographic technique 
suffering from a lower image quality. But also recent publications using a modern 
digital radiographic technique reported comparable results, and thus confirm that the 
problem of misdiagnosis of early lung cancer on radiographs is still present today10,11. 
Even though chest radiography is not as good for the detection of lung nodules as 3D 
imaging with computed tomography (CT), lung nodules can be present and should 
be reported. Especially, given the fact that lung nodules, in the size range detectable 
by CXR, harbor a high risk to represent early stage lung cancer4,7.
Why are lung cancers being missed on chest radiographs?
Lung cancers on chest radiographs can be missed for several reasons. Observer 
errors can be made since chest radiographs are complex radiological examinations to 
review. Multiple anatomical structures contribute to a complex 2D image of a 3D volume. 
Factors that contribute to detection errors include image quality, lesion  characteristics 
10
INTRODUCTION
as size and conspicuity12-14, overprojection of multiple anatomical structures (e.g. 
bones)5,9, the presence of accompanying abnormalities12 (satisfaction of search), and 
finally the radiologists’ experience and human perception. Observer errors are in 
principle avoidable when the image quality is optimal. Three types of observer errors 
can be distinguished: scanning errors, recognition errors and interpretation errors. In 
scanning errors, the radiologist does not look at the correct location in the image, and 
hereby misses the lung lesion. In recognition errors, the radiologist does look at the 
correct lesion location but the lesion is not identified as abnormal. In interpretation 
errors, the radiologist does look at the correct location and identifies a lesion, but 
decides not to report this lesion. Results of studies that used eye-tracking in radiologists 
that search for lung nodules in chest radiographs showed that interpretation errors by 
the radiologist is the most important factor for missing lung cancer15,16. In this situation 
the radiologist does correctly identifies the location of the lesion, but no appropriate 
action is triggered.
Advanced Processing
To reduce miss rates of lung cancer in chest radiography, advanced processing 
methods have been developed. Advanced processing refers to techniques that are 
aimed to aid detection performance. They produce processed images that differ 
from the original images in such a way that they are used as an adjunct to the original 
images with the idea to enhance image information or draw the observer’s attention 
to a certain area or structure. All of these techniques are designed to reduce overlapping 
potentially distracting structures (e.g., bones) or highlight areas of suspicion (e.g., 
circles around nodules produced by a computer aided detection system) with the 
ultimate goal to support the detection performance of the observer. These post- 
processing methods, and other developments of the chest radiography technique, 
are elaborated in Chapter 1. In this thesis mainly two advanced processing techniques 
are discussed, which refer to software analysis tools for CXR that can aid the radio - 
logists in the detection of lung cancer. These two techniques include digital bone 
suppression software and computer-aided detection of lung nodules.
Thesis Outline
This thesis handles the effect of both digitally bone suppressed images and computer- 
aided detection on the detection of lung nodules in chest radiography. We wanted to 
know if lung nodule detection could be improved with the use of bone suppressed 
images, or a combination of bone suppressed images and computer- aided detection 
(CAD), if bone suppressed images could be used outside lung nodule detection, and 
if so, what the effect of BSI would be in a clinical chest x-ray evaluation task. Further, 
we tried to find optimal ways to use CAD information, either to optimize the detection 
performance or to optimize the clinical applicability.
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 Chapter 1 handles recent developments in chest radiography. Different hardware 
techniques are explained, but also previous work on image processing techniques 
including bone suppression and computer-aided detection are discussed in this 
chapter.
 Chapter 2 focuses on the effect of BSI on lung nodule detection. In this study 
eight radiologists assessed 300 cases with and without BSI in search for lung nodules. 
Cases included both posteroanterior and lateral digital radiographs, and analysis 
Figure 1  PA radiograph with a solitary nodule in the right lung. The nodule is overlapped by a 
projection of 7th posterior rib. Digital bone suppression (Riverain Technologies) produces a bone 
suppressed image (b), where the rib is perfectly suppressed without suppressing the lung nodule.
Figure 2  The PA radiograph of a 48 years old female shows a 17 mm adenocarcinoma in the 
left upper lobe. On the right side a CAD output image is shown, in which the suspicious region 
in the left upper lobe is highlighted.
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focused on performance in a high specificity range. In chapter 3 the effect of BSI on 
the detection of aspergillus infections in critically ill patients was tested. This critically 
ill patient group did not only contain upright radiographs but also bedside images 
with lower image quality, making the CXR evaluation more difficult. In order to be 
used in clinical practice, not only the effect of BSI on focal lesions is important. In 
chapter 4 the effect of BSI on multiple types of common chest diseases, including 
disease with a diffuse distribution, was investigated. In this study 261 cases were 
evaluated by six radiologists.
 In the next chapters we investigated the effect of CAD on the detection of 
pulmonary nodules. In chapter 5 we evaluated the effect of CAD beyond the support 
of bone suppressed images. In this study CAD was used as a second reader as it is 
currently recommended by the manufacturers. In chapter 6 and 7 new ways to apply 
CAD in chest radiography were investigated. The effect of an interactive CAD system 
in which CAD marks remain hidden unless their location was queried by the radiologist 
was tested. Further, a computerized combination of reported findings by the radiologist 
and the CAD system was evaluated. Results were compared with a similar study of 
the effect of CAD for breast cancer detection in mammography. In chapter 8 the CAD 
system processed more than 11,000 clinical chest radiographs. The most suspicious 
CAD marks were evaluated in search for missed cancers. A clinical algorithm for 
usage of a highly specific CAD system was designed.
 Finally, this thesis contains mainly observer studies. In chapter 9 the effect of 
different observer study designs on observer variability, the effect size and statistical 
power was investigated.
13
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CHAPTER 1
Abstract
Digital chest radiography is still the most common radiological examination. With the 
upcoming 3D acquisition techniques the value of radiography seems to diminish. 
But because radiography is cheap, readily available, and requires very little dose, it is 
still being used for the first line detection of many cardiothoracic diseases. In the last 
decades major technical developments of this 2D technique are being achieved. 
First, hardware developments of digital radiography have improved the contrast to 
noise, dose efficacy, throughput and workflow. Dual energy acquisition techniques 
reduce anatomical noise by splitting a chest radiograph into a soft tissue image and 
a bone image. Second, advanced processing methods are developed to enable and 
improve detection of many kinds of disease. Digital bone subtraction by a software 
algorithm mimics the soft tissue image normally acquired with dedicated hardware. 
Temporal subtraction aims to rule out anatomical structures clotting the image, by 
subtracting a current radiograph with a prior radiograph. Finally, computer aided 
detection systems help radiologists for the detection of various kinds of disease such 
as pulmonary nodules or tuberculosis.
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Introduction
The conversion from conventional screen film to digital technique took place in the 
eighties and became clinically feasible after introduction of storage phosphor detector 
technique. Organizational advantages as instant availability of the images in multiple 
locations eased the acceptance by clinicians. From the radiologists’ viewpoint options for 
image processing and lower vulnerability to over/underexposure represented major 
progress. Additionally, digitization of radiographic examinations represented the last 
step towards a complete digital imaging department since other cross-sectional imaging 
techniques such as computed tomography (CT) or magnetic resonance tomography 
had been from beginning in a digital format. 
 Today, the process of optimization of processing seems more or less finalized. 
Differences between techniques and manufacturers have become very small and there 
appears to be a common sense for what is considered an ‘optimal radiographic image’. 
Recently, within the area of processing, the focus has dramatically changed. Elaborate 
processing schemes including dual energy subtraction or digital bone suppression, 
temporal subtraction or tomosynthesis (chapter 2) are increasingly available. They all 
have the goals to decrease distracting anatomic noise in the image, to improve 
perception of pathology and decrease inter- and intra-reader variability. Computer aided 
detection (CAD) schemes analyze morphologic image features in the background to 
provide the radiologists with candidate lesions in areas that need increased attention. 
 The following article will provide an overview over currently available detector 
systems with special emphasis on their capabilities with respect to dose efficiency. 
Principles of processing will be summarized including most modern elaborate processing 
options that go beyond optimization of image quality but are designed for detection 
support and diagnostic aid. 
Detector Technology
A variety of detector technologies has been exploited in modern digital radiography; 
each coming with different characteristics in terms of physical performance and thus 
image quality, different levels of dose efficiency and processing options, and last but 
not least various organizational and financial aspects. 
 Basically three types of detector systems can be differentiated that are in use for 
radiographic applications today: storage phosphor radiography (CR), flat panel direct 
radiography (DR) and slot scanning CCD technology, the latter being the least applied 
one.   
Computed Radiography (Storage phosphor radiography)
CR technology was the first detector technique for digital radiography to be introduced 
in the early eighties. It was immediately accepted by the radiological and clinical 
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community due to its organizational advantages and the fact that this cassette based 
system could be used with already existing hardware components. 
 The name “storage phosphor” refers to the fact that the image information (relief 
of absorbed radiation) is stored within the detector layer of photostimulable phosphor 
material (BaFX: Eu2+): Exposure of the image plate to x-ray photons releases 
electrons that are trapped within the crystalline structure; only illumination of the 
image plate to a thinly focused laser light during a dedicated read-out process 
causes the trapped electrons to relax to their ground state while emitting light. The 
stimulated light emission is collected via an optically efficient light guide, converted 
to electronic current by a photomultiplier, logarithmically amplified, filtered and finally 
digitized using a 12bit analogue-to-digital converter. 
 In its first version after introduction CR offered limited options for reducing the 
radiation dose per exposure compared with film-screen. In fact image quality was 
characterized by relatively high noise especially in high absorption areas. Detector 
material and read-out technology, however, were continuously improved over the 
following years1,2. Most recent more radical innovations such as dual read-out 
technology or needle crystalline detector technology have further attributed to 
substantial improvement of dose efficiency that is now approaching that of flat panel 
technology and by far exceeding that of conventional film/screen combination with a 
speed of 4003-5. 
 Storage phosphor needle-like detectors use a more efficient X-ray absorption 
material (CsBr:Eu2+) and are structured in needle-like columns instead of in small 
crystals. The result is a marked reduction of lateral scattering of the emitted fluorescent 
light allowing for increasing detector thickness and thus improving dose efficiency 
without losing geometric resolution3. 
 ‘Dual-sided read-out’ captures the laser-stimulated phosphorescence light from 
both sides. This dual-sided approach can access a larger proportion of the trapped 
electrons and as a result achieve a more complete read-out of the latent image. The 
result is an improved signal and signal-to-noise ratio for a given absorption of radiation 
within the detector. The dual-sided read-out does not affect the spatial resolution 
since the amount of scattering of light remains unaffected. Literature reports an 
increase of fractional x-ray absorption efficiency of the image plate by 50% through 
the dual-read out. Physical and clinical evaluations confirmed a substantial increase 
in image quality4,5. 
 CR used to be a cassette based system and is as such still in use e.g., on intensive 
care wards. It is also available in dedicated chest stands or bucky units that offer 
automatic read out and require no manual interaction with cassettes. Also the needle-  
type detector is available as cassette based system as well as system integrated in 
bucky and fluoroscopy units. 
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 When using CR systems or reading comparison studies that include CR technique 
it is very important to pay attention to the type of detector (needle versus powder 
storage phosphor, which generation of powder storage phosphor plate) and which 
read out system has been used. The pure description of CR is too nonspecific and 
refers to various systems with a broad range of performance6.  
Direct Radiography (Flat panel detector systems)
Flat-panel detector systems - also referred to as direct radiography  (DR) - are 
characterized by a direct readout-matrix of electronic elements that are made of thin 
layers of amorphous silicon thin-film transistors (a Si-TFT elements) that are deposited 
on a piece of glass. The TFT layer is coupled with an x-ray absorption medium 
responsible for capturing the radiographic image information7,8. 
Depending on the material used, there are two types of DR detectors: 
a) Detectors using a scintillator (Cesium Iodide = CsI or Gadolinim Oxysulphide = 
GOS) and light sensitive photodiodes are called indirect conversion TFT detectors 
or opto-direct systems. Similar to CR technology, the absorbed radiation is 
transferred into light signals in the CsI layer. CsI-TFT systems are widely applied 
for chest and skeletal radiography and are also amenable to real-time display. 
More recently also mobile DR units became available, suited to be used at the 
bedside. 
b) In direct conversion systems, the detector elements consist of condensator 
elements made up of amorphous selenium (or other semiconducting material) 
that is deposited on the TFT array. Absorbed x-ray energy is directly converted into 
charge, obviating the intermediate step of a scintillator to provide conversion to 
visible light. These systems are not amenable to real-time imaging due to the 
tendency to produce persistent latent images. They are mostly applied in 
mammography units because they provide a high dose efficiency for the high 
frequency ranges needed in mammography. 
DR has a markedly higher dose efficiency as compared to first generations standard 
CR (Figure 1). As compared to most modern CR units, however, differences with 
respect to image quality and work flow organization become much less prominent. It 
is therefore important to consider which type of storage phosphor system (detector 
generation, read-out) is used. DR (CsI/TFT) systems are amenable to high frame 
rates (up to 30/sec) making them also suited for fluoroscopy applications. By 
integrating acquisition, read-out and processing into one system, throughput and 
workflow can be optimized. Integrated systems are available for both CR and DR. 
When CR is used as cassette based system, e.g., at the bedside, these advantages 
(e.g., immediate availability of pre read, no cassette handling) perish. 
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CCD and CMOS-based Detectors
Charge coupled devices (CCD) and complementary metal oxide semiconductor 
devices (CMOS) were initially suffering from lower dose efficiency that could not compete 
with DR or CR systems. They also use scintillating phosphor as an absorption medium; 
emitted light is directed to multiple CCD or CMOS cameras that form the radiograph. 
Various optical arrangements including lenses or fiber-optic tapers are used for the 
coupling between the phosphor layer and the mostly relatively small cameras. 
 Because only a fraction of the light could be captured by the cameras, image 
formation was less efficient with respect to signal-to-noise. This limitation was even 
more obvious for clinical applications that require a large area (e.g., chest). Recent 
developments markedly improved the coupling efficiency by using larger sensors 
and improved phosphor efficiency, making these systems also suitable for high 
quality chest and large area skeletal radiography. CCD and CMOS systems have a 
wider distribution in the US, but are only scarcely applied in Europe.  
 Irradiating the body by a sliding slit beam instead of irradiating the whole body at 
once is called slot-scan technology and provides excellent scatter rejection. The 
increased signal-to-noise yielded by scatter reduction effectively compensates for 
the 2.5 times lower intrinsic detective quantum efficiency (DQE) of CCD technology 
allowing for a successful combination of slot-scan and CCD technology. Advantages 
of this CCD slot-scan technology are especially prominent for the mediastinum: both 
CsI-DR at 75% dose reduction and CCD slot scanning at 50% reduction outperformed 
a standard CR system9. Though these systems provide excellent image quality at 
reasonable doses, they did not find a broad international application, most likely to 
specific hardware requirements and the fact that they are exclusively amenable to 
chest imaging. 
Figure 1  Images of the left lower lung demonstrate the potential of dose reduction of DR as 
compared to (powder) CR: image b (DR) was obtained with 50% of the dose compared to a 
(DR) and c (CR). 
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Physical parameters of detector systems that determine  
image quality
Dynamic range is defined as the of absorption differences that can be accommodated 
by the detector system and thus contribute information to the recorded image1. In thoracic 
imaging the absorption difference between normally ventilated lung and mediastinal 
soft tissue is 1:80. In screen-film radiography the dynamic range was defined by the 
radiographic response of the film and was rather limited (1:10) as illustrated by the 
somewhat too white mediastinum or too black lung. In digital radiography (true for CR 
and DR), the maximum signal capability is set by the detector medium itself and its 
read-out mechanism, the minimum signal capability is set by the  image noise and 
the greyscale discrimination capability of the system. The dynamic range of digital 
radiography (CR and DR) is about 400 times wider as conventional film meaning that 
digital systems can obtain image information over a much wider range of entrance doses. 
 The spatial resolution of an image detector refers to its ability resolve two (or more) 
small high-contrast image features as independent entities1. The spatial resolution is 
influenced by many factors such as the detector medium itself (e.g., needle channeled 
CR versus powder crystals CR), the detector thickness, the size of the laser beam, the 
pre- and post-processing and finally the pixel size. CR plates offer a pixel sampling 
interval between 0.5µm to 200µm, DR systems between 140 and 200µm. More important 
for visual discernability of e.g., parenchymal details, however, is the relationship 
between detail size and detail contrast, described in the modulation transfer function 
(MTF): the higher the MTF the smaller the details an imaging system displays with 
visually discernable contrast. Especially processing has a vast influence on the MTF, 
and is optimized to improve the rendition of fine and small detail structures on one 
side and increase visualization of ill-defined low contrast lesions on the other side. It 
is therefore inadequate to focus on the pixels sampling interval alone. Multiple studies 
could show that there is no diagnostically relevant difference between 2K and 4K CR 
systems (pixel sampling difference 100 and 200 µm), for chest abnormalities, given 
an appropriate processing. 
 The term ‘detective quantum efficiency’ (DQE) is regarded as the best single 
indicator to describe the performance of digital radiographic systems10. The DQE of 
an imaging system refers to the ratio between the SNR at the entrance to the image 
detector (flux of x-ray photons incident upon the image detector) and the SNR 
recorded by the image detector (the value which is computed from the output data). 
Ideally that value would be 100% (what goes in also comes out) but dependant on the 
amount of extraneous noise sources in the image detector itself the DQE will be less 
than 100%. The greater the value of DQE, the more efficiently the detector records 
x-ray image information. The magnitude of DQE is influenced by the effective beam 
energy, the detector entrance dose level, the detector system itself and the targeted 
image frequencies. 
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Image Processing
One of the most important advantages of all digital radiographic detectors is their 
wide dynamic range making them less vulnerable towards under- or over exposure. 
Together with adequate image processing, these systems produce over a wide range 
of exposures adequate image quality (Figure 2). A process called signal normalization 
– automatically running in the background – yields images with adequate density and 
contrast independent of acquisition dose (Figure 3). However, this harbors advantages 
and disadvantages: visual control of acquisition dose is more or less lost and there is 
a certain risk for over-exposure (e.g., in pediatric units11 which will even be awarded 
by excellent image quality.  A too strong dose reduction on the other hand leads to 
loss of fine detail because of increased image noise (Figure 4). Thus - though less 
critical as compared to traditional film/screen radiography - there are limitations for 
how much the dose should be increased or decreased. 
 Image processing critically influences image quality and thus diagnostic 
performance: while adjustments of gradation curves influence overall image contrast 
and density, frequency processing enhances local contrast or even selectively enhances 
Figure 2  The wide dynamic range of digital imaging technique allows for optimized display of 
structures in high and low absorption areas: e.g., the tip of the central venous catheter, signs of 
vascular congestion in the left lung and the right sided pathologic subcapital humerus fracture. 
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structures of a certain size or contrast12. Unsharp mask filtering is the simplest type of 
frequency processing but has the disadvantage that stronger filter settings lead 
to (edge) artifacts. 
Figure 3  Images of a scull phantom: Over a dose range between 0.5 mAs and 63 mAs (factor 
> 100) digital technique is able to yield images with comparable and diagnostically useful 
contrast and density. Though images on the left side (low dose) have a higher noise and 
therefore demonstrate a less sharp delineation of the linear details compared to images on the 
right side.
Figure 4  Image b was obtained with one third of the dose used for image a. Image contrast 
and density appear to be comparable. However, the ratio between signal and noise became 
too low in image b to capture the linear density of the intravenous catheter. Thus a too strong 
dose reduction will lead to loss of detail and thus potentially diagnostic information.
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 Most vendors have made the transition to multi-frequency processing algorithms 
(e.g., MUSICA, UNIQUE, MFP)13,14. Multifrequency processing makes it possible to 
separately enhance and suppress image structures dependent on their contrast 
(amplitude), their size (spatial frequency bands) and their background density 
(mediastinum versus lung). 
 The desired result is an ‘image harmonization’ with a more transparent mediastinum 
and improved visualization of low contrast structures throughout the chest with 
simultaneous display of soft tissue and osseous structures and preserved high 
resolution for low contrast differences in the lung (Figure 5). Today, there is general 
agreement that a too strong enhancement of edges along anatomic structures (e.g., 
vascular shadows) produce diagnostic misinterpretation (e.g., of cardiogenic congestion 
or interstitial lung disease), and may in fact lead to loss of diagnostic detail (Figure 6).  
Advanced Processing
Advanced processing refers to techniques that are aimed to aid detection 
performance. They produce processed images that differ from the original images in 
such a way that they are used as an adjunct to the original images with the idea to 
enhance image formation or draw the observer’s attention to a certain area or 
structure. All of these techniques are designed to reduce overlapping potentially 
distracting structures (e.g., bones) or highlight areas of suspicion (e.g., circles around 
nodules produced by CAD) with the ultimate goal to support the detection 
performance of the observer. 
 Techniques such as digital bone suppression, dual energy acquisition or 
tomosynthesis are designed to reduce overlying structures, e.g. bones, that way 
Figure 5  Desired effects of processing are compression of the dynamic range with increased 
transparency of the mediastinum and simultaneously increased detail contrast in the lung 
parenchyma (visible in b as compared to a).  
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reducing the “anatomic noise” and providing the reader with an unobscured display 
of the lung parenchyma. Tomosynthesis goes a step further, displaying a subvolume 
of the lung similarly to CT that way reducing projection effects. This technique will be 
discussed in chapter 2. Temporal subtraction and CAD highlight areas of suspicion 
that subsequently need to be accepted or dismissed by the radiologist as real 
pathology. 
Bone Subtraction
Chest radiographs are complex radiological examinations to review. Multiple 
anatomical structures contribute to a complex 2D image of a 3D volume. This high 
level of so called “anatomical noise” is one important factor contributing to the 
difficulty of interpretation of chest radiographs. Bones have shown to be a major 
contributor to this noise, and are an important cause of missed lung nodules15,16. 
Therefore several techniques have been proposed to suppress overlying bone 
structures; this can be achieved either digitally or using a dedicated dual energy- 
acquisition technique.
Dual Energy Radiography
Dual energy radiography is based on the principle that radiation absorption by tissues 
is dependent on the energy of roentgen photons. At high energy level (>100 kVp) 
absorption of photons differs not much for bone and soft tissue. At lower energy 
levels, however, photoelectric absorption is much more effective for tissue containing 
Figure 6  Unwanted effects of image processing: suboptimal processing parameters lead to 
too strong enhancement of vascular structures and noise but obscuration of the faint density 
(seen in b) caused by an interlobular effusion.  
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calcium and thus bones. This effect is used to produce images mainly displaying soft 
tissue information and images mainly displaying calcified structures as ribs, spine or 
calcified nodules.  
 Two techniques of energy subtraction (ES) can be distinguished: single-shot ES 
radiography and dual-shot ES radiography.
 Dual shot ES radiography uses two exposures: one at a high and one at a low 
energy level. Subtraction of these two radiographs using specific weighting factors 
generates a “soft tissue image” and a “bone image”. The images have usually high 
quality with high contrast and low image noise. But the short interval of 150-200 ms 
between the two acquisitions can cause motion artifacts, mainly caused by movement 
of the heart, diaphragm and hilar vessels. Also the need for two acquisitions slightly 
increases the total dose of the examination.
 Single-shot ES radiography requires only one exposure. In one cassette are two 
detector plates separated by a copper filter. While the first detector plate is radiated 
by the full radiation spectrum producing a “normal” radiograph, the second detector 
plate is only radiated by a high energy radiation spectrum since the low energy 
photons were absorbed by the copper filter. The image detected by the second plate 
has low bone contrast, and is nosier than the radiograph detected by the first plate. 
Subtraction of the two acquired images using specific weighting factors produces 
again a soft tissue and a bone image. Since the image detected by the second plate 
is noisier, also the resulting images suffer from higher image noise and thus lower 
overall image quality. In opposite to the dual shot technique they do not suffer from 
subtraction artifacts. 
 Several studies testing these dual energy techniques have been performed. 
ROC analysis in multiple observer studies showed an increased performance for the 
detection of lung nodules with help of dual energy images (soft tissue image and 
bone image)17-23 (Table 1). Studies found an increase of sensitivity that varied between 
5 and 19%. Also few studies failed to prove added value of dual energy images, 
mainly because a decrease in specificity24,25. Besides solid lung nodules also 
part-solid nodules and ground glass opacities could be more easily detected with 
dual energy radiographs18,20,23. When calcification of nodules can be identified on 
the bone images, further CT examinations might not be needed26. However, small 
amounts of calcium may not be seen with dual energy radiography. The bone image 
can also be used to clarify other calcified disease like pleural plaques and mediastinal 
calcified nodules27. Also some studies found beneficial effects for the detection of 
cardiac calcification28,29. Besides, radiopaque foreign objects, like medical devices, 
catheters, drains, silicone breast implants, are more easily seen (Figure 7). No improvement 
was found for the detection of rib fractures based on the bone image30.
 There is no clear preference for single or dual shot energy subtraction techniques 
for the detection of lung nodules. One study explicitly compared dual and single shot 
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techniques and could not demonstrate a significant difference in the detection of lung 
nodules between the two techniques26.
 Despite the mainly positive results, both techniques (dual shot and single shot) 
have never found their way into broad clinical application. Both techniques require 
specific hardware and software facilities, meaning that this technique cannot be 
applied using already existing radiographic equipment. For a long time, the image 
quality of the soft tissue and bone images was considered insufficient. The quality of 
these images, however, could be substantially improved over the time making them 
a useful adjunct, especially for the detection of focal disease. It is most likely a 
combination of all – the need for specific hardware, the increasing availability of CT 
and the need to integrate an additional soft tissue image into the reading process – 
that has contributed to the still somewhat limited use of this technique. 
Bone Suppression
The need for special hardware is an important drawback for dual-energy radiography. 
Therefore investigators focused on digital removal of bony structures in the chest 
radiograph using dedicated software applicable to already existing radiographic 
equipment (Figure 8).  Advantages of such a solution are that image quality is not 
suffering from subtraction artifacts (by motion in dual-shot energy subtraction), no 
increase in dose for the patient and no special hardware is required. The software 
product can be integrated in the picture archiving and communication system. 
Disadvantage is that the software algorithm is designed to detect solely bone 
structures and not all structures with high density. Therefore other high calcium 
structures, like calcified nodules or old rib fractures, are not recognized and not 
suppressed, as in energy subtracted images.
Figure 7  PA radiograph (a) with circular opacification in the right upper lobe suspicious for a 
cavitation. Soft tissue (b) and bone image (c) produced by dual energy subtraction technique 
demonstrate a linear scarring (b) and a radio-opaque vascular stent (c) as explanation for the 
circular opacity (courtesy of Peter Vock, Bern, Switzerland).
29
CHEST RADIOGRAPHY: NEW TECHNOLOGICAL DEVELOPMENTS AND THEIR APPLICATIONS
 First papers about a bone suppression technique by a computer algorithm have 
been published in 200631,32. Studies using the bone suppression technique found an 
increase in performance for the detection of lung nodules17,33,34 (Table 1). The largest 
observer study which incorporated 15 observers and 368 cases found an average 
increase in sensitivity of 17%, but also a loss in specificity of 4%33.  The software 
solution might also be used for the detection of other abnormalities. Li et al.35 found 
a significant increase for the detection of focal pneumonias, and improved detection 
of other disease is conceivable. Artifacts of the suppression techniques can cause 
pseudolesions, which result in a somewhat lower specificity. Most artifacts are 
caused by overprojection of multiple structures, like in the apical regions where both 
the clavicle and the first rib obscure the lung field (Figure 9). 
 One of the papers also compared bone suppression imaging software with dual 
energy bone suppressed images17. In an observer study 10 radiologists searched 80 
CXRs for lung nodules first unaided, followed by and interpretation of the digitally bone 
suppressed image, and finally with dual energy image. Biggest increase in performance 
was seen with help of the dual energy bone suppressed images, although both 
techniques showed significant improvement over original chest radiographs.
 Considering that digital bone suppression is still a relatively young technique, 
more beneficial effects might be demonstrated in the future. Artifacts could be minimized 
and with further experience with this technique artifacts may be more easily denied. 
Clinical studies will have to show this effect.
Computer Aided Detection
The approach of computer aided detection (CAD) techniques is to decrease the 
intrinsic limitations of human perception, by alerting the observer to suspicious areas 
in a chest x-ray.
Figure 8  PA radiograph with a solitary nodule in the right lung. The nodule is overlapped by a 
projection of 7th posterior rib. Digital bone suppression (Riverain Technologies) produces a bone 
suppressed image, where the rib is perfectly suppressed without suppressing the lung nodule.
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 First computer analysis techniques of chest radiographs were already published 
in the 1960s36,37.  A number of generations of CAD software have been introduced 
and most of them focusing on the detection of nodules, meaning focal densities 
smaller than 3cm. Other indications less well advanced computerized detection 
systems so far refer to the detection of spine fractures, heart size, interstitial lung 
disease, emphysema and tuberculosis.  
 Development of techniques for the automatic detection of lung nodules in chest 
radiographs started in the 1970s38,39. Matsumoto et al.40 was one of the first to apply 
a computer aided detection scheme on a series of radiographs with lung cancer. 
CAD was able to reach a sensitivity of 62%, which was comparable to the radiologists. 
On the other hand, the system produced an average of 15 false positive (FP) finding 
per image leading to an overall loss of performance of radiologists because of 
acceptance of too many FPs41. In a study with a simulated improved performance of 
the same CAD with a sensitivity of 80% at 1 FP/image, radiologists did benefit from 
the CAD system41. Already these early studies pointed out to the main challenge for 
radiologists when using CAD, namely to take advantage of CAD by detecting more 
focal lesions that would have been otherwise missed without losing specificity by 
accepting too many false positive candidate lesions.   
 Since then CAD has been applied on multiple sets of radiographs, showing the 
potential for detection of lesions that were missed by human observers42-44. Sensitivities 
ranged from 35% at 5.9 FP per image to 49% at 1.8 FP per image for these missed 
lesions. 
 Still the various CAD systems are difficult to compare, since training and testing 
of the system is often done with different data and studies use different sets of lesions. 
But multiple studies have reported their CAD performance on a publicly available 
database from the Japanese Society of Radiological Technology45. Looking at the 
Figure 9  Bone suppressed image (b) shows a pseudolesion in the right apex, due to incomplete 
suppression of calcification of the first rib.
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CAD performances on this database, CAD evolved quickly from a sensitivity of 35% 
with 6 FP / image in 1999 to a sensitivity of 75% with 0.5 FP / image in 2012 (Figure 10) 46-53. 
Compared to an average sensitivity of 70% at a specificity of 81% for radiologists for 
this database, CAD is approaching the performance of an average radiologist. 
 As mentioned above, the effect of CAD on observer performance highly depends on 
its ratio between true and false positive candidates. Although significant improvements 
are made over the last ten years, CAD is still not able to achieve performance of a 
human observer. Therefore, CAD is designed to be used as a second reader. This 
means that the human observer, after his first evaluation, can ask CAD to show 
suspicious regions. The human observer than has to accept or neglect the suggested 
findings of the computer. Several studies with different CAD systems have been 
performed to investigate the added value of CAD as a second reader. These studies 
reported variable results. While some studies were able to demonstrate an increased 
accuracy for the detection of potential lung cancer when aided by the computer44,54-59, 
Figure 10  Published performances of CAD systems applied on a publicly available database from 
the Japanese Society of Radiological Technology (JSRT). Over the last 15 years performance of CAD 
systems dramatically increased from a sensitivity of 35% at 6 FP/image to a sensitivity of 75% at 0.5 
FP/image.
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also several studies reported no increase in performance60-63 (Table 2). The main issue 
that is highlighted in these papers is that it is very difficult to discriminate between 
true positive and false positive CAD marks. When a system produces many FP CAD 
marks, it is likely that a substantial number of these false positives gets accepted, 
potentially resulting in over-diagnosis and overtreatment to the patient. With a decline 
in FP CAD marks in the latest studies, improvement is more easily achieved.
 To improve performance of the CAD system, bone suppressed images or dual 
energy acquired images can be used. Since many false positives are generated by 
overprojections of bony structures, inclusion of these images could improve CAD 
performance64,65. Usage of either digital bone suppression or dual energy images 
does not seem to make a lot of difference66. However, indifferent results were seen 
when radiologists were offered the combination of bone suppression and CAD for the 
detection of pulmonary nodules67,68.
 Not only for pulmonary nodules, but also for the detection of other disease, CAD 
in chest radiography starts to play a role. Software algorithms for the detection of 
tuberculosis (TB) have been developed for application in high burden countries. 
Expertise of readers in high burden countries is often poor. Since CXR is a powerful 
TB screening instrument, research has focused on automated detection of TB in 
CXRs. Background of different TB detection techniques are discussed in Arzhaeva et 
al. and Ginneken et al.69,70. TB can have multiple different characteristics on chest 
x-rays. Therefore these detection applications do often not only focus only on focal 
lesions, but also try to qualify an image as normal or abnormal based on multiple 
factors. The latest developed software achieves performance comparable to clinical 
officers in Zambia, and therefore could be used as point-of-care decision tool to 
select subjects that should undergo further tests71.
 For interstitial lung disease (ILD) computerized detection started more than 
20 years ago, with many approaches72-74. Automated detection of ILD was found to 
be extremely challenging. Since interstitial disease presents itself with diffuse 
patterns, software algorithms focus on specific texture analysis. The main approach 
is to detect the various patterns, in which ILD can be present. Abnormality scores 
generated by the system can be based on local areas or a more global approach 
where the whole image is given one score. Another complicating factor is the large 
amount of anatomical structures occluding the interstitial patterns. Therefore CAD 
approaches for texture analysis could benefit from inclusion of digitally bone 
suppressed images or dual energy acquired images75,76.
 Other research focuses on the computerized detection of emphysema in chest 
radiographs77,78, detection of pneumothorax79 and the automatic detection of catheters 
and tubes80-82. Also CAD software for the detection of vertebral compression fractures 
on lateral exams has been developed56.
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 Currently there are two U.S. Food and Drug Administration (FDA) approved, computer 
aided detection systems (IQQA-chest, EDDA Technology, Inc., Princeton Junction, 
NJ, USA; ClearRead + Detect, Riverain Technologies, Miamisburg, Ohio) for the 
detection of lung nodules on the market. Besides these commercial systems there 
are also multiple prototypes used for research purposes in various hospitals around 
the world. Other developed CAD systems for the detection of tuberculosis, ILD, 
emphysema, pneumothorax, catheters and tubes or vertebral fractures are not yet 
being used in clinical practice.
Temporal Subtraction
An important part of the evaluation of a chest radiograph is based on the comparison 
with previous radiographs. Since nowadays all the images are digitally stored in a 
digital archive system, temporal subtraction has become technically feasible and 
attractive. Temporal subtraction is aimed to enhance the changes over time. This refers 
to new lesions as well as to the assessment of progression or regression of pathology 
over time.  
 With temporal subtraction a prior image is registered to the current image, using 
registration algorithms to warp the position of the prior radiograph to the current 
radiograph. If the registration is successful and the image is subtracted, an interval 
change stands out as a dark or bright area in the radiograph. One major benefit of 
temporal subtraction is that it is able to totally rule out the background anatomical 
noise. If the registration is perfect, solely interval changes thus potential pathology 
are highlighted. 
 Although temporal subtraction was already discussed in 197683, reasonable 
attempts to automatically subtract radiographs started in 1994 by the University of 
Chicago84. Registration mismatch is responsible for most of the artifacts and represent 
the crucial challenge. Depth of inspiration, positioning and rotation of the patient, 
makes registration of chest radiographs very difficult. In one of the early studies, 
where a consecutive set of cases was analyzed, 81% of the subtraction images were 
of clinically acceptable quality85. Because ribs are very radiopaque, mismatch of 
the ribs causes the most pronounced artifacts. Usage of dual energy subtracted or 
bone suppressed images, could reduce this effect86. That is why developers are now 
using a combination of bone suppression and temporal subtraction (Figure 11). 
 Several studies tested the effect of temporal subtraction images on the detection 
performance of various abnormalities. Difazio et al.87 found significant improvement 
in a study with 50 chest radiographs, including 29 lungs with abnormalities like 
new opacities and lung nodules. Eleven radiologists significantly improved their 
performance when using temporal subtraction images in addition to the current and 
previous radiograph. Later studies confirmed these results in studies with radiographs 
containing pulmonary metastasis88, hazy pulmonary opacities including interstitial 
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disease patterns89,90, and lung nodules91-93. Not only detection performance could be 
improved, also reading time of CXRs reduced significantly87, and was more pronounced 
in cases without registration mismatch artifacts94. The latest available commercial 
software package includes bone suppressed images in the temporal subtraction 
process. In their FDA approval study they found a significant increase in the detection 
of lung nodules in a study with 422 pairs of radiographs and 15 radiologists95. Also, 
recently temporal subtraction images are being used to improve CAD systems96.
 Up to now, only in Japan temporal subtraction is fully integrated in daily clinical 
practice. Commercial available systems are Truedia/XR (Mitsubishi space software) 
and Compare (Riverain Technologies). Mismatch artifacts is the biggest cause why 
temporal subtraction has not been adapted into clinical practice.
Summary
The two major detector systems widely applied for digital radiography are computed 
radiography (CR) based on storage phosphor plates and solid-state (flat panel) direct 
radiography (DR) systems. 
 CR represents the older system, matured over decades with some important 
recent improvements with respect to dose efficiency and work-flow efficiency that 
strengthened its position. It represents a very versatile medium, economically attractive 
system that is equally suited for integrated systems as well as for cassette based 
imaging at the bedside. 
 DR systems offer superb image quality and realistic options for dose reduction 
based on their high dose efficiency. While for a long time only integrated systems 
were available suited for a large patient throughput, also mobile DR systems became 
recently available. 
Figure 11  Prior radiograph (a) is registered to the current radiograph (b) and subtracted to 
generate a subtraction image (c) (Riverain Technologies). Bone suppressed images are used 
to improve the subtraction image. The subtraction image clearly reveals newly formed focal 
lesions in the left and right lung, while only minor misregistration artifacts of ribs can be seen.
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While for the next years, it is likely that DR and CR systems will coexist, the long term 
perspective of CR will depend on innovations with respect to dose efficiency and 
signal – to – noise characteristics while for DR economical aspects and broader 
availability of mobile systems will play a role. 
 Advanced processing techniques have become available for clinical use in the 
last decade. Dual energy radiography, digital bone subtraction, tomosynthesis, 
temporal subtraction and CAD have been shown to considerably increase detectability 
of focal lesions in radiography, that way strengthening the role of radiography 
compared to 3D acquisition techniques like CT. Although many of the above 
mentioned techniques are not yet commonly used in clinical practice, many of them 
show an improved discernability of pathology in chest radiographs. It seems to be a 
matter of time until certain advanced processing techniques are being adapted to 
standard clinical care. Digital software solutions seem to have advantages over 
hardware solutions, since those can easily being incorporated in the radiology 
department, and are often much cheaper.
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Abstract
Objectives: To assess the effect of bone suppression imaging on observer 
performance in detecting lung nodules in chest radiographs.
Materials and Methods: Posteroanterior (PA) and lateral digital chest radiographs 
of 111 (average age 65) patients with a CT proven solitary nodule (median diameter 
15mm), and 189 (average age 63) controls were read by 5 radiologists and 3 residents. 
Conspicuity of nodules on the radiographs was classified in obvious (n=32), 
moderate (n=32), subtle (n=29) and very subtle (n=18). Observers read the PA and 
lateral chest radiographs without and with an additional PA bone suppressed image 
(BSI) (ClearRead Bone Suppresion 2.4, Riverain Technologies, Ohio) within one reading 
session. Multi reader multi case (MRMC) receiver operating characteristics (ROC) 
were used for statistical analysis.
Results: ROC analysis showed improved detection with use of BSI compared to 
chest radiographs alone (AUC=0.883 versus 0.855; p=0.004). Performance also 
increased at high specificities exceeding 80% (pAUC=0.136 versus 0.124; p=0.0007). 
Operating at a specificity of 90%, sensitivity increased with BSI from 66% to 71% 
(p=0.0004). Increase of detection performance was highest for nodules with moderate 
and subtle conspicuity (p=0.02; p=0.03)
Conclusion: Bone suppressed images improve radiologists’ detection performance 
for pulmonary nodules, especially for those of moderate and subtle conspicuity. 
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Introduction 
Chest radiography (CXR) represents the most frequently performed radiological 
examination and - despite its inherent limitation caused by overprojection - is up to 
now still the first line method for the diagnosis of lung nodules. Although most CXR 
are not made for the purpose of detecting nodules, nodules can be present and 
should be reported given the fact that solitary lung nodules, in the size range 
detectable by CXR, harbor a high risk to represent early stage lung cancer1,2.
 While early detection of lung cancer is beneficial for survival3, it is documented 
that a substantial number of bronchogenic tumors are missed on the initial radiograph 
even though they are visible in retrospect. The actual frequency of lung cancers 
missed at chest radiography differs widely ranging from 19% to 26% according to 
the literature1,2,4-6. Those numbers are based on outdated radiographic technique 
suffering from a lower image quality, but also recent publications using modern 
digital radiographic technique reported comparable results, and thus confirm that 
the problem of misdiagnosis of early lung cancer on radiographs is still present today7,8. 
 Obscuration of lung cancer by overlying bone structures represents a major 
contributor to misdiagnosis: Monnier et al. described an at least partial obscuration by 
bones in 60% of 30 missed lung cancers5; Shah reported that 22% of 40 missed lesions 
were obscured by the clavicle and 95% of the missed lesions were obscured by bones6. 
Improved focal lesion detection by subtracting the bone structures from the CXR has 
been realized by dual energy technique. Despite several publications that showed 
an increased lung nodule detection performance9-13 the technique never found its way 
into broad clinical application. This is likely due to the special hardware requirements 
and an image quality that is variably limited by subtraction artifacts and image noise. 
 A new software product has been developed to suppress ribs and clavicles in 
the original image without requiring special hardware or increase of patient dose caused 
by double exposures. A recent study provided evidence for improved detection of 
lung cancer using this bone suppression software14. Sensitivity increased from 
49.5% to 66.3% when evaluation of the CXR was aided by bone suppressed images 
(BSI). However, the increase in sensitivity was accompanied by a significant loss of 
specificity from 96.1% to 91.8%14. Moreover, the study had three limitations. First, only 
PA radiographs were assessed. Second, the majority of the study images were 
secondary digitized conventional radiographs, which might have lead to an under-
estimation of the potential of chest radiography alone. Third, at clinically relevant 
operating points, namely at low false positive rates, LROC analysis did not show a 
convincing improvement of detection performance using BSI. 
 Addressing these shortcomings, we therefore decided to undertake another 
study to assess the effect of a new version of BSI on the detection of nodules in digital 
chest radiographs, using PA and lateral projections. 
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Materials and Methods
To assess the effect of bone suppressed images on the detection of pulmonary 
nodules, we conducted an observer study involving five radiologists and three residents 
from two institutions. Selection of study images and study setup were reviewed and 
approved by the institutional review board.
Image Selection
To construct a study database, images were retrospectively retrieved from image 
archives of four hospitals (three academic and one non-academic hospital). All 
images had been obtained for clinical purposes.  Patients with a solitary pulmonary 
nodule between 5 and 35mm in diameter that underwent both posteroanterior (PA) 
and lateral chest radiograph as well as a chest computed tomography (CT) scans 
within 3 months time interval were included. All patients (diseased and controls) were 
older than 40 years; none of them showed other diseases than signs of chronic 
obstructive lung disease. It should be noted that cases were not selected with respect 
to nodule location (e.g. behind a rib shadow) or image quality to favor rib suppression 
technique. An expert radiologist (CSP) and the researcher (SS), who both did not 
participate in the observer study, classified in consensus the nodules in four categories 
of conspicuity, ranging from obvious (cat. 1) to moderate (cat. 2), subtle (cat. 3) and 
very subtle (cat. 4). In the study group all four categories of conspicuity were 
adequately represented to allow for statistically meaningful analysis of the subgroups 
of nodules. Overlap of bone structures was visually quantified by the researcher (SS) 
into minimal (< 50% of lesion area), and partial to complete (50%-100%).
 Location of the nodule in the PA radiograph was annotated using thick coronal 
multiplanar reconstruction of the CT data set for correlation. Nodules that were not 
visible on the PA radiograph as determined in consensus by the expert radiologist 
and the researcher were not included into the study group. It is noteworthy that at the 
time of image selection no BSI was available. Randomly selected chest radiographs 
of patients without nodules, as proven by CT examinations obtained within 6 months 
of the CXR, served as controls. 
 Patient age, gender, smoking history and lesion histology were derived from the 
clinical records. Nodule volume and diameter were automatically measured on CT15. 
The study group consisted of 300 subjects: 111 patients with a solitary nodule and 
189 control subjects. An additional 40 subjects, including 22 patients with a solitary 
nodule, were used as training cases.  
Image Acquisition
All chest radiographs were obtained with digital technique using storage phosphor 
plates (CR, Agfa, Mortsel Belgium), Selenium drum (Thoravision, Philips, Hamburg 
47
BONE SUPPRESSED IMAGES FOR THE DETECTION OF PULMONARY NODULES
Germany) and flat panel detector DR systems (Siemens, Erlangen, Germany; Hologic 
inc, Bedford, MA, USA). Radiographs were obtained using 120 or 125 kVp, respectively, 
with automatic exposure control. Image processing was applied as recommended 
by the manufacturers, and in use for clinical routine in the various institutions. For all 
patients posteroanterior and lateral projections were available.
Software
Bone suppressed images were generated by ClearRead Bone Suppression 2.4, 
Riverain Technologies (Miamisburg, Ohio). This visualization software uses advanced 
image processing to construct a bone suppressed PA chest image. The software is 
designed to produce an image that has the same characteristics as the original 
image with respect to gradation, detail contrast and size. The software product has 
Food and Drug Administration (FDA) approval. Since bone suppressed images were 
generated in a post-processing step, no special hardware or double exposures like 
in dual energy radiography were needed.
Reading Methodology
Eight readers, including five radiologists (experience 3-17 years) and three residents 
(one second year resident, and two third year residents), evaluated the 300 study 
cases in different randomized orders. Before the actual reading sessions, all readers 
evaluated a training set of 40 cases with and without BSI. During this training session, 
the researcher gave instantaneous feedback to the observers. None of the observers 
had previous experience in reading chest radiographs with BSI or dual energy chest 
radiography. 
Readings were carried out using a 30 inch (Flexscan SW3031W; Eizo, Ishikawa, 
Japan) DICOM-calibrated LCD monitor in a darkened room, mimicking clinical 
reading conditions. The screen was large enough to review both PA and lateral 
radiograph side-by-side. Processing tools were available, including zoom in/out, 
adjustment of window and level and gray scale inversion.
Observers reviewed the PA and lateral chest radiographs first without and then 
immediately with availability of the BSI within one reading session. They were asked 
to localize and score areas suspicious for representing a nodule using a continuous 
scale between 0 and 100 to indicate their degree of suspicion (0 = not suspicious, 
100=definitely suspicious). Both, lesion location and degree of suspicion were 
recorded digitally. The readers first determined a score for the assessment of the 
CXR alone, immediately followed by a second score for the assessment of CXR and 
BSI. Readers were allowed to score multiple regions per image. Readers were asked 
to purely focus on the presence of a nodule and not to take into consideration the 
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potential underlying diagnosis (malignancy versus benign disease) or the potential 
consequences (CXR follow up or CT). The BSI was displayed on the same monitor as 
the original PA radiographs. The readers could toggle between the original CXR and 
the BSI using a key on the keyboard. 
Observers were informed that radiographs could contain none or a solitary nodule, 
and that nodules were of varying conspicuity. They did not know the percentage of 
diseased and control subjects and the distribution of conspicuity. 
Statistics
For statistical analysis, Multi Reader Multi Case (MRMC) receiver operating characteristic 
(ROC) analysis was performed, assigning to each case the score of the most suspicious 
finding. Differences in observer performance were tested using the Dorfman, 
Berbaum and Metz method (DBM MRMC package) which includes case, reader and 
treatment variance into analysis, and allows for analysis of partial area under the 
curve (pAUC)16-18. The proper binormal model was used to create ROC curves. Areas 
under the ROC curves (AUC) without and with use of bone suppressed images were 
compared for all lesions and for subsets of nodules according to their conspicuity 
and the degree of bone overlap. Besides complete AUC also pAUC at an interval 
between 0 and 0.2, corresponding to a specificity range of 80 to 100%, were computed. 
From these ROC curves, individual readers’ sensitivities were calculated at a specificity 
of 90%. 
 Besides ROC analysis we also performed location based analysis. We calculated 
observers’ overall sensitivity and specificity using the findings with a degree of 
suspicion exceeding a score of 50 and taking correct lesion localization into account. 
By taking location into account readers were not rewarded for marking false positive 
locations in abnormal images. The suspiciousness score of above 50 was arbitrarily 
chosen, with the underlying idea that nodules of which the readers thought they were 
above average suspicion would require follow up. A paired t-test was used to calculate 
significance between sensitivities and specificities without and with BSI.
 Significance of difference was defined at p < 0.05. Observers’ markings were 
considered true positive when the marker was within ground-truth annotation of the 
lesion. Differences in patient characteristics were tested using an unpaired t-test and 
the chi-square test.
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Results
Patient Demographics
No significant differences were found between diseased (n=111) and control (n=189) 
patients with respect to mean age (64.9 versus 63.4 years (p=0.22)), and sex (m:f: 
66:45 versus 111:78 (p=0.9)), but there was a difference in smoking history (86% 
versus 73%, (p=0.004)).
Nodule Characteristics
Average nodule diameter was 16 mm (7.8-34.9mm), with a median of 15mm. Five 
nodules, exceeded a diameter of 30 mm and could be classified as mass according 
to the Fleischner Society Guidelines19. 80% of the nodules were malignant, which was 
histologically proven in 85% and based on clinical history in 15%. With respect to 
location on the PA radiograph there were 25 apical nodules located cranial of the 
aortic arch, 15 (peri) hilar nodules, 9 retrocardiac nodules, and 62 peripheral nodules 
located in the remaining lung fields. Of all lesions, 31% (n=35) were minimally and 
69% were partially to completely (n=76) superprojected by bones. The degree of 
superprojection by bones was not statistically correlated with conspicuity (Table 1).
Observer Performance: ROC Analysis
Area under the curve was 0.855 for CXR alone and significantly increased to 0.883 
with BSI (p=0.004) (Figure 1). Partial area under the curve for a specificity > 80% was 
0.124 without BSI compared to 0.136 with BSI (p=0.0007) (Table 2). Operating at a 
specificity of 90%, mean sensitivity of the readers increased from 65.7% to 71.4% 
(p=0.0004). All 8 readers increased their performance with the use of BSI compared 
to reading CXR alone, with a significant increase for reader 4.
Table 1  Nodule characteristics.  
 Conspicuity  
 1  
(obvious)
2 
(moderate)
3  
(subtle)
4  
(very subtle)
total
Number 32 32 29 18 111
Average diameter in mm (SD) 17.0 (5.0) 16.9 (6.4) 15.1 (5.3) 14.8 (3.7) 16.2 (5.3)
Superprojection by bones      
<50% 10 13 8 4 35
>50% 22 19 21 14 76
Categories of conspicuity, nodule size, and superprojection by bones.
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Figure 1  Average ROC curves of all observers. Black = without BSI; Dotted black = with BSI.
Table 2  Observer performance.  
 AUC AUC pAUC pAUC
Observer Without BSI With BSI Without BSI With BSI
1 0.831 0.870 0.116 0.129*
2 0.887 0.890 0.126 0.141*
3 0.906 0.917 0.149 0.153
4 0.771 0.831+ 0.098 0.121+
5 0.868 0.906 0.124 0.133
6 0.889 0.912 0.131 0.141
7 0.809 0.827 0.116 0.122
8 0.882 0.909 0.136 0.146*
average 0.855 0.883+ 0.124 0.136+
Area under the ROC curve (AUC) as well as the partial area under the ROC curve (pAUC) for the interval 0 
– 0.2 for individual observers, without and with BSI.  + p=<0.01; * p=<0.05.
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Observer Performance: Sensitivity and Specificity
Considering only scores with a suspicion above 50, readers’ sensitivity increased 
on average from 59.8% to 67.6% (p=0.002). On average per reader this corresponded 
to 9 of 111 additional nodules, correctly localized with BSI. Examples of cases 
where BSI did improve the nodule detection performance of the readers are shown in 
Figure 2 and Figure 3. At this same threshold, readers on average called 17 cases 
false positive (range: 3-35) with CXR alone yielding a specificity of 91.0%. With BSI 
this number increased to 22 cases (range: 4-46) corresponding to a specificity of 
88.4% (p=0.07). 
Performance for different subtlety categories and bone obscuration
Areas under curve (AUC) for the 4 categories of decreasing order of lesion conspicuity 
were 0.977; 0.920; 0.803; 0.598, respectively. With BSI average AUCs increased to 
0.980; 0.949; 0.846; 0.647, respectively (Table 3). Differences reached significance 
for lesions of moderate (category 2) and subtle (category 3) conspicuity (p= 0.02 
and p= 0.03). 
 Areas under curve (AUC) were 0.884 and 0.842, for nodules with minimal, and 
partial to complete superprojection by bones, respectively. With BSI, the average 
AUCs increased to 0.916 (p=0.003) and 0.866 (p=0.05), respectively (Table 3). 
Missed Nodules
The total number of missed lesions pooled over all 8 readers went down from 255 
with CXR to 189 with CXR and BSI. On average readers missed 32 nodules with CXR 
alone, and 24 nodules with BSI. 
Figure 2  Example case 1. 63 year old male with a 31mm non small cell carcinoma in the right 
upper lobe. The lesion is obscured by clavicle and ribs. On the bone suppressed image the 
abnormality becomes more conspicuous and is more easily identified. None of the observers 
scored the nodule with a score above 50, on the basis of the CXR alone. With BSI five of the 
eight observers correctly identified the nodule with a score above 50.
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Table 3  Performance for subcategories of lesions.  
 Lesion conspicuity Without BSI With BSI p 
obvious (cat. 1; n=32) 0.977 0.980 0.27
moderately subtle (cat. 2; n=32) 0.920 0.949 0.02
subtle (cat. 3; n=29) 0.803 0.846 0.03
very subtle (cat.4; n=18) 0.598 0.647 0.11
superprojection by bones    
<50% (n=35) 0.884 0.916 0.003
>50% (n=76) 0.842 0.866 0.05
Average area under the ROC curve without and with BSI, for subgroups of lesions with different conspicuity 
and degree of osseous superprojection.
Figure 3  Example case 2. 65 year old female with a 12mm adenocarcinoma in the right middle 
lobe. The nodule was not located by any of the eight observers with CXR alone. With BSI five of the 
eight observers correctly localized the nodule, with an average suspiciousness score of 69 (on a 
scale from 0 to 100).
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 Only 46 of the 111 nodules were detected by all 8 observers, indicating that the greater 
proportion of nodules (59%) was not located by at least one of the eight readers. With BSI 
the number of nodules detected by all readers increased to 55. The number of nodules 
missed by four or more readers went down from n=34 to n=22 nodules with BSI.
 Most missed nodules (n=255) were located peripherally (n=129), followed by nodules 
in the hilar regions (n=46), lung apices (n=44) and the retrocardiac areas (n=36). 
In absolute numbers, the decrease of missed lesions with BSI was highest in peripheral 
lung areas (n=43) versus the hilar region (n=9), lung apices (n=10), retrocardiac area 
(n=4), respectively. The proportional decrease, however, was similar in all lung areas 
(8.7%, 7.5%, 5.0% and 5.6%, respectively) (Table 4).
Discussion
Multiple studies evaluating dual energy radiography were able to prove an improved 
detection of pulmonary nodules by removing overlying bone structures9-13,20. This 
positive experience stimulated the advent of software methods to digitally subtract 
superimposing bone structures. Advantages of such software solution are that it can 
be applied to any kind of digital chest radiography, does not require additional 
hardware equipment, eliminates motion artifacts created by two exposures (as done 
with dual-shot energy subtraction imaging), and does not cause additional radiation 
dose to the patient. 
Table 4  Missed nodules.  
 Missed nodules:  
Without BSI
Missed nodules:  
With BSI
 Location number AVG per 
reader
proportion AVG per 
reader
proportion
Right Lung 61 18 28.9% 13 21.7%
Left Lung 50 14 28.5% 10 20.8%
      
Peripheral 62 14 22.8% 9 14.1%
Hilar 15 6 38.3% 5 30.8%
Apical 25 8 30.0% 6 25.0%
Retrocardiac 9 5 50.0% 4 44.4%
Nodules missed without and with BSI, based on anatomic location.
Number = Number of nodules, actually present in that anatomic location.
AVG per reader = number of nodules missed in that area, averaged over 8 readers.
Proportion = number of nodules missed, expressed as percentage of all nodules in that anatomic area.
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 First studies evaluating this software tool reported encouraging results10,14,21,22. 
Three studies reported a significantly increase of detection rate of pulmonary nodules 
and AUCs, indicating that the increase of sensitivity outweighed the loss of specificity. 
The fourth reported an improved detection of focal pneumonias.
Our results confirm the previously reported positive effect of BSI: the number of 
correctly localized nodules significantly increased without a significant overall loss of 
specificity. In our study, all 8 readers uniformly took advantage of BSI irrespective of 
their differing experience. 
 In addition to what has been previously published about the effect of BSI on the 
detection of focal opacities10,14,21,22, we analyzed in more detail, which type of nodules 
with respect to conspicuity and degree of osseous superprojection took advantage 
of the availability of BSI. Secondly we evaluated whether increase of sensitivity 
remained significant when high specificity levels beyond 80% were preserved. Third, 
we used the latest version of the bone suppression software.  Finally we optimized 
the baseline performance of chest radiography by using digitally acquired images 
and providing lateral projections, which is common practice in the clinic.
 With respect to conspicuity, all nodules took advantage of the availability of the 
BSI image with exception of the obvious nodules. Performance increase reached 
significance (P< 0.05) for the moderately subtle and subtle lesions. Though the 
relative detection increase was the largest for the very subtle nodules, no significant 
difference was seen, most likely due to the smaller number of nodules in this category. 
We could not find a correlation between the degree of bone overlay and benefit by 
BSI, neither a proof that nodules located in the lung apex would have more benefit 
than nodules in other anatomic locations of the lung. We therefore conclude that the 
overall reduction of anatomic noise by bone suppression contributes more to the 
improved detection of focal lesions than the subtraction of bones superimposed on 
individual lesions. 
 The average sensitivity with CXR and BSI of 67% is comparable to the sensitivity 
reported by Freedman et al when using BSI (e.g., 66.3%). Our baseline performance, 
however, was substantially higher (60% in our study as opposed to 49.5% in Freedman’s). 
This might be the result of a somewhat higher image quality of the digital radiographs 
but is also likely due to the fact that our readers evaluated both PA and lateral images. 
We therefore consider the performance difference seen in our study, though smaller 
but statistically significant, as being within a clinically realistic range. 
 One could argue that sensitivities of 59.8% without and 67.6% with BSI are still 
suboptimal given the fact that all lesions were visible on the CXR with knowledge of 
the CT scan. The relatively low overall sensitivity underlines the fact that even under 
study conditions the detection of nodules – though all of them visible in retrospect – 
indeed represents a difficult visual task.  A number of large studies have shown that 
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the sensitivity of unaided CXR for the detection of small nodules is too low to be used 
as screening tool yielding significant mortality reduction23-25.  For a number of reasons 
CXR is unlikely to ever achieve a sensitivity equal to that of CT. The primary goal of 
additional processing and display tools for chest radiography such as bone 
suppression or temporal subtraction is therefore to reduce the number of lesions that 
are missed, but retrospectively visible. These types of lesions are mostly of intermediate 
conspicuity and therefore especially prone to “inattentional blindness” of the observers. 
It is therefore an encouraging result that BSI indeed improved the detection of nodules 
of intermediate and subtle conspicuity and led to a uniformly improved reader 
performance. As a consequence the number of detected nodules by all readers 
increased from 46 to 55 lesions, and similarly the number of lesions missed by the 
majority of readers decreased from 34 to 22. 
 The increase of sensitivity with BSI has to outweigh the loss of specificity. Our ROC 
statistics found an increased sensitivity at all levels of specificity indicating that the 
trade-off for the improved detection rate was not a relevant loss of specificity. ROC 
analysis of partial area under the curve (pAUC) at high specificity levels between 80 
and 100% also found a significant increase in performance. In that respect our results 
surpass the findings reported by Freedman et al. One could argue that readers 
improved their sensitivities by being able to mark several locations though they knew 
that the radiographs contained only one nodule. We did so to avoid the effects of 
satisfaction of search after having marked one possible lesion but to rather encourage 
the readers to scrutinize the image for potential lesions completely. A high number of 
false positive findings, however, would have inevitably lead to a performance decrease 
Figure 4  Example case 3. 83 year old female without a nodule. Incomplete suppression of 
the first rib produces a pseudolesion in the right upper quadrant in the BSI, which was called 
positive by two observers.
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using ROC analysis. Thus by our statistical analysis we assured that readers could 
not take credit by simply marking multiple suspicious lesions.
Freedman et al. determined specificity in their study by the number of CT examinations 
asked for further diagnostic work-up of patients with a normal CXR: they observed a 
significant loss of specificity that was overruled by the larger increase of sensitivity. 
We determined sensitivity/specificity based on the degree of suspicion using a 
threshold of 50 on a scale from 0 to 100 and calling only correctly localized lesions 
true positive. We observed only a small and non-significant, loss of specificity (91% 
versus 88.4%, p=0.07). Some of the false positives were provoked by incomplete 
suppression of the first rib (Figure 4). With improvement of the suppression technique 
and/or more experience of the readers, decrease of false positive decisions can be 
anticipated. If we would assume that a lesion with a suspicion score above 50 would 
trigger a CT examination for further diagnostics, the number of unnecessary CTs 
induced by false positive lesions would have increased on average per reader from 
n=17 to n=22 which in a group of 189 control patients amount to 9.0% and 11.6%. 
It is noted that these numbers were computed with a somewhat arbitrary threshold. 
The real effect of using BSI on the number of referrals to CT can only be determined 
in a prospective clinical study, since threshold levels and reader decisions are 
strongly influenced by parameters such as disease prevalence and reader vigilance 
because of specific search tasks.
 Our study suffers from few limitations. First, we studied a selected patient group. 
Although all cases were derived from clinical work-up, the prevalence of nodules was 
substantially higher than in clinical practice. Also the fact that only one nodule per 
case was present might have affected observers’ behavior. Furthermore, since 
observations are done in a testing environment, it is less likely that observers missed 
nodules due to inattention, which may be an important factor in clinical practice. 
Finally, observers had no experience with BSI. Although a training set of 40 cases 
was provided, more training might be needed to learn about the strengths and 
weaknesses of BSI. 
In conclusion, our study results found an improved detection of pulmonary nodules 
with use of BSI. The increase in sensitivity outweighed the non-significant loss of 
specificity. Detection increase was mostly seen for nodules of moderate to subtle 
conspicuity irrespective of the degree of superprojection by bones or lesion location. 
All observers irrespective of their experience reached the best performance with BSI, 
also when evaluation was confined to a high specificity range. 
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Abstract
Objective: Chest radiographs (CXR) are an important diagnostic tool for the detection 
of invasive pulmonary aspergillosis (IPA) in critically ill patients, but their diagnostic 
value is limited by a poor sensitivity. By using advanced image processing, the aim 
of this study was to increase the value of chest radiographs in the diagnostic work up 
of neutropenic patients who are suspected of IPA.
Methods: The frontal CXRs of 105 suspected cases of IPA were collected from four 
institutions. Radiographs could contain single or multiple sites of infection. CT was 
used as reference standard. Five radiologists and two residents participated in an 
observer study for the detection of IPA on CXRs with and without bone suppressed 
images (ClearRead BSI 3.2; Riverain Technologies). The evaluation was performed 
separately for the right and left lung, resulting in 78 diseased cases (or lungs) and 132 
normal cases (or lungs). For each image, observers scored the likelihood of focal 
infectious lesions being present on a continuous scale (0-100). The area under the 
receiver operating characteristics curve (AUC) served as the performance measure. 
Sensitivity and specificity were calculated by considering only the lungs with a 
suspiciousness score of greater than 50 to be positive.
Results: The average AUC for only CXRs was 0.815. Performance significantly increased, 
to 0.853, when evaluation was aided with BSI (p=0.01). Sensitivity increased from 
49% to 66% with BSI, while specificity decreased from 95% to 90%.
Conclusion: The detection of IPA in CXRs can be improved when their evaluation is 
aided by bone suppressed images. BSI improved the sensitivity of the CXR 
examination, outweighing a small loss in specificity.
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Introduction
Invasive pulmonary aspergillosis (IPA) is a major cause of morbidity and mortality, 
particularly in patients with hematological malignancies1-3. A delay in treatment is 
associated with substantially increased hospital mortality4-7. However, treatment is 
expensive, and can have serious side effects. From a clinical point of view there is 
therefore a strong need for prompt recognition and proper onset of treatment to 
ensure an optimal patient outcome. 
 Current EORTC/MSG (European Organization for Research and Treatment of 
Cancer, US Mycoses Study Group) guidelines differentiate three levels of probability 
for the presence of an invasive fungal infection: proven, probable or possible8. While 
a proven diagnosis requires histological and/or cultural evidence from tissue 
specimen or positive cultures from body fluids, these criteria are often not met and 
not applicable at an early stage of infection. This discrepancy between definite 
diagnostic proof of IPA on one side and the need for treatment as early as possible 
on the other side has led to different therapeutic strategies ranging from prophylaxis 
to empirical therapy of persistent neutropenia to pre-emptive approaches of very 
early, still preclinical disease9. In this diagnostic dilemma, imaging still plays an 
important role. In common with other lung diseases, Computed Tomography (CT) 
has been proven to be more sensitive than radiography in revealing subtle pathology10. 
As consequence, the imaging criteria of the EORTC/MSG guidelines for the presence 
of IPA refer to specific CT findings (dense well circumscribed lesions with or without 
a halo sign, air crescent sign, cavity) and also the guidelines published by the 
Infectious Diseases Working Party of the German Society of Haematology and 
Oncology (AGIHO) in 2012 state that in patients with granulocytopenia, high resolution 
computed tomography (HRCT) should be preferred to chest x-ray for primary 
diagnosis in high-risk patients11. 
 Though CT is currently recommended as the preferred method if there is strong 
clinical suspicion for an infection, chest x-ray (CXR) remains the first line imaging 
method because of its immediate availability and lower organizational demands. 
Chest X-rays are also performed if the clinical suspicion is low and / or clinical symptoms 
are less obvious or not yet fully developed. Also, guidelines by the American College 
of Radiology12 and the Infectious Disease Society of America13 mention chest 
radiography as first line method for the work up of a patient with neutropenic fever, 
but do emphasize the low sensitivity of CXR. Thus, chest radiography is still widely 
applied despite its known diagnostic limitations, meaning an increased sensitivity for 
the detection of subtle infiltrations would represent a desirable diagnostic improvement. 
Early recognition of IPA on CXR would trigger an immediate CT examination of the 
patient in order to render morphology and accelerate the diagnosis, providing a 
chance to hasten the onset of treatment. 
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To improve the detection of IPA on CXR, we tested an advanced image processing 
solution called bone suppression imaging (BSI). This software solution suppresses 
bone structures in chest x-rays, which can obscure abnormalities. No special hardware 
or additional dose for the patient is needed. The processing can be applied to both 
upright and bedside radiographs using imaging equipment of varying manufacturers. 
 BSI has been shown to be helpful in the detection of lung nodules and focal 
pneumonia14-16. We believe this means it might also provide an opportunity to improve 
the detection of IPA. We therefore decided to undertake an observer study to test the 
effect of BSI on the detection of IPA in neutropenic patients. If BSI would improve 
detection of IPA, and so possibly avoid delay in treatment, it could result in an 
optimized use of CXR in immunocompromised patients at risk of developing IPA.
Methods
The selection of study images and study setup were waived by the institutional 
review board (Commissie Mensgebonden Onderzoek regio Arnhem – Nijmegen; 
www.cmoregio-a-n.nl; nr. 2011/468). Written informed consent was also waived by 
the institutional review board.
Image Selection
Neutropenic patients with typical signs of invasive pulmonary aspergillosis infection 
on CT, which had a CXR at a time near the CT scan were selected. Study images were 
retrospectively retrieved from the image archives of four hospitals (three academic 
and one non-academic hospital) and anonymized. All images had been obtained for 
clinical purposes. Patients could have multiple sites of disease per lung, but patients 
with diffuse lung disease, or large obvious consolidations were excluded. The 
diagnoses of invasive aspergillus as an underlying disease were taken from the 
clinical patient charts and included the presence of typical CT findings in all diseased 
patients. Neutropenic patients with signs of fever with a normal chest radiograph 
functioned as control subjects. The absence of disease in these control subjects was 
confirmed by a negative CT after the CXR. Both upright as well as bedside acquisitions 
were included.
 The visibility of disease was retrospectively classified based on the suspiciousness 
scores assigned by the readers participating in the study. Cases that were assigned 
an average score above 75 (0 = not suspicious, 100 = very suspicious) were classified 
as obvious cases (Figure 1). Cases with average scores between 50 and 75 were 
classified as moderately subtle cases. Cases with an average score below 50 but higher 
than 25 were labeled as subtle cases. If the average score of a case was below 25 
then the case was considered very subtle.
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Image Acquisition
All chest radiographs were obtained with a digital technique using storage phosphor 
plates (CR, Agfa, Mortsel Belgium), a Selenium drum (Thoravision, Philips, Hamburg 
Germany) and a flat panel detector DR systems (Siemens, Erlangen, Germany). 
Bedside images were acquired with the same DR or CR systems. Image processing 
was applied as recommended by the manufacturers and as used in clinical routine
Software
Bone suppressed images were generated by ClearRead Bone Suppression 3.2, from 
Riverain Technologies (Miamisburg, Ohio). This visualization software uses advanced 
image processing techniques to construct a bone suppressed frontal chest image. 
Not only bones obscuring the lung fields are being suppressed, but also other 
skeletal structures superprojecting the lungs such as the claviculae or the scapulae 
are eliminated. The software product has U.S. Food and Drug Administration (FDA) 
approval. Since BSI is a post-processing technique, no special hardware is needed 
and no additional radiation dose is administered to the patient. BSI is applicable to 
any digital radiographic chest technique, irrespective of whether the images were 
obtained at the bedside or in the upright position. 
 After acquisition of the radiograph, data processing is performed automatically 
in the background. The processed images are made available in the Picture Archiving 
and Communication System (PACS) system. The bone suppressed images are not 
Figure 1  Example of a moderately subtle case of a 35 year old female with multiple focal lesions in 
the right lung. Without BSI 6 of the 7 observers marked this case with an average suspiciousness 
score of 63. With BSI all observers marked the case with an average suspiciousness score of 91. 
Original radiograph (a), bone suppressed image (b), coronal CT slice (c).
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designed to replace the original images but rather to serve as supplement to the 
original frontal chest radiograph. Both the original and bone suppressed image can 
be visualized side by side or as stack of two images. Both images are equivalent in 
terms of size and gradation characteristics, with the exception of overlying rib 
structures.
Observer Study
Five radiologists (ranging from 3 - 17 years of experience) and two radiology residents 
(3rd and 5th year of residency) read all cases during one sequential reading session. 
Evaluation was carried out separately for the right and left lung, resulting in 210 
images of 105 patients. Radiologists were asked to score the most suspicious lesion 
per image, if lesions were seen. Images on which the observer did not detect a focal 
lesion received no score.  Scores were given on a scale from 1 to 100. There were no 
instructions how to use this scoring scale, but the observers were motivated to use 
the full range of scores of suspicion (1 – 100). Observers first provided a score for the 
standard CXR, followed by a second score for the evaluation of the standard 
radiograph supplemented by the bone suppressed image. Observers were able to 
add or (re)move marks and adjust their scores. No clinical information, besides the 
knowledge that it was a neutropenic patient group, was provided to the readers. 
A training set of 40 lungs was provided in advance, containing pulmonary focal 
opacities of varying conspicuity to make the observers familiar with the appearance 
of the processed images.
Statistics
Observer performance was measured using Multi Reader Multi Case (MRMC) receiver 
operating characteristic (ROC) analysis. ROC analysis calculates the readers’ sensitivity 
as a function of specificity using the assigned ratings per case (suspiciousness 
scores). The area under the ROC curve (AUC) summarizes the performance of the 
reader, representing the chance that a positive (diseased) case will be scored with 
more suspicion than a negative (normal) case. Per reader, each case was assigned 
the score (1-100) of the most suspicious finding, if present. Differences in observer 
performance were tested using the Dorfman, Berbaum and Metz method (DBM 
MRMC package v2.33) which includes case, reader and treatment variance into 
analysis17-19. Non-parametric statistical test was used to generate ROC curves and 
calculate p-values. Besides ROC analysis, sensitivities and specificities were computed 
for individual observers considering markings exceeding a confidence score of 50.
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Results
Patient Demographics
In total 105 patients were selected. In this group there were 78 diseased lungs and 
132 normal lungs. The average age of patients with diseased lungs was 53.8 years 
and average age of patients with normal lungs was 43.0. On average, CT scans were 
made 2.6 days after the chest radiographs for diseased patients, compared to 3.7 
days for patients with normal lungs. Patient characteristics are summarized in Table 1. 
Radiographs of 128 lungs were obtained upright, and 82 lungs were acquired at the 
bedside. With respect to the conspicuity of pathology, diseased lungs were classified 
as being obvious in 17, moderately subtle in 21, subtle in 15, and very subtle in 25 
cases (Table 2). 
Table 1  Patient demographics.  
Diseased cases (n=78) Normal cases (n=132)
Age 53.8 (range 16-83) 43.0 (range 8-76)
Male 47 (60%) 87 (66%)
Female 31 (40%) 45 (34%)
Days between CXR and CT (median) 2.6 (2) 3.7 (3)
Bedside 22 (28%) 60 (45%)
Upright 56 (72%) 72 (55%)
Age, gender, average time between the chest radiograph and the CT in days, and projection type are 
displayed for the diseased and normal cases. n = number.
Table 2  Subtlety categories.  
Bedside Upright Total
Obvious 4 13 17
Moderately subtle 8 13 21
Subtle 3 12 15
Very subtle 7 18 25
Total 22 56 78
Number of cases classified into the different subtlety categories.
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Observer Performance: ROC Analysis
The average AUC without BSI was 0.815 against 0.853 with BSI (p=0.01). Six of the 
seven observers improved their performance (Table 3).
 ROC analysis for the different subsets of subtlety classification based on reader 
scores showed that the very subtle cases benefitted the most from BSI. The AUC for 
very subtle cases increased from 0.579 to 0.659 (p=0.02), AUC for subtle cases 
increased from 0.809 to 0.856 (p=0.07). For the detection of moderately subtle and 
obvious cases baseline performance was already very good (AUC = 0.954 and 
0.995, respectively) and did not significantly increase with BSI (0.968 and 0.992, 
p=0.26 and p=0.44, respectively). Examples of cases are illustrated in Figure 1 - 3.
Analysis of Type of Projection
The average area under the curve for upright radiographs (n=128) was 0.804 and 
significantly increased to 0.853 with BSI (p=0.02). For bedside images (n=82) similar 
improvement was seen with an AUC increasing from 0.838 to 0.878, although the 
difference did not reach statistical significance (p=0.15) (Table 3).
Observer Performance: Sensitivity and Specificity
Overall sensitivity for the detection of IPA was 49 percent without BSI. With the 
availability of BSI, sensitivity increased to 66%. This resulted, on average, in an additional 
detection of 13 diseased cases (range 1 – 38), especially in the more subtle cases 
(Table 4). Specificity showed a decrease from 95% without BSI to 90% with BSI. 
On average, 6 normal cases (range 0 – 13) were marked without BSI, and 14 normal 
cases (range 2 – 23) with BSI. Individual sensitivities and specificities are displayed 
in Table 5. The lower specificity was mainly caused by marking of pseudolesions 
caused by artifacts of the bone suppression technique (Figure 4).
Table 3  Observer performance.  
AUC
Without BSI With  BSI P
All images (n=210) 0.815 0.853 0.01
Upright images (n=128) 0.804 0.853 0.02
Bedside images (n=82) 0.838 0.878 0.15
Average area under the ROC curves (AUC) for all observers. AUCs are displayed for all images and for 
analysis of the different groups of projection type (bedside and upright).
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Figure 2  Upright radiograph with a very subtle lesion in the left lower lobe. Without BSI only 
one observer marked the small lesion. With BSI all 7 observers marked the lesion with an 
average suspiciousness score of 55. Original radiograph (a), bone suppressed image (b), coronal 
CT slice (c).
Figure 3  Bedside radiograph of a 58 year old female with neutropenic fever. Without BSI, 3 of the 
7 observers called the radiograph suspicious, which increased to 7 observers with BSI. Original 
radiograph (a), bone suppressed image (b), coronal CT slice (c).
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Table 4  Number of, on average, detected cases per subtlety category.  
Without BSI With BSI
Obvious (n=17) 16 17
Moderately subtle (n=21) 15 18
Subtle (n=15) 6 9
Very subtle (n=25) 2 8
Total (n=78) 39 52
Table 5  Sensitivity and specificity.  
Sensitivity Specificity
Observer Without  
BSI (%)
With  
BSI (%)
Δ (%)* Without  
BSI (%)
With  
BSI  (%)
Δ (%)*
1 (rad) 44 62 +18 97 91 -6
2 (rad) 42 44 +2 98 98 0
3 (rad) 62 68 +6 92 87 -5
4 (rad) 42 73 +31 97 86 -11
5 (res) 15 64 +49 100 91 -9
6 (res) 64 69 +5 92 92 0
7 (rad) 72 82 +10 90 83 -7
Average 49 66 +17 95 90 -5
Individual sensitivities and specificities for the detection of IPA in chest radiographs without and with BSI, 
based on marking with a suspiciousness score above 50. * Δ = difference; rad = radiologist; res = resident.
Figure 4  Example of a bedside case that was rated false positive by all 7 observers. Due to an 
incomplete suppression of the rib crossing of the anterior contour of the 5th rib and the posterior 
contour of the 8th rib on the BSI, the observers rated the shadow as infectious rounded opacity. 
Original radiograph (a), bone suppressed image (b).
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Discussion
The results of our study indicate a significantly improved detection of focal opacities 
due to fungal infection, when supported by bone subtracted images. This improvement 
was especially striking for very subtle lesions, that otherwise would not be reported. 
With this new processing, the sensitivity for the detection of IPA on chest x-rays could 
be substantially increased. Although the increase in sensitivity was associated with a 
small decrease in specificity, ROC analysis indicated a significant improvement in 
overall performance. These findings are in agreement with previous studies which 
documented an improved detection performance of nodules or focal pneumonia14-16. 
Our results are noteworthy because they show that BSI is also supportive in a study group 
of highly variable imaging quality with respect to patient position and inspiration depth.
 Whether and to which degree this improved detection performance changes 
patient management and would prompt earlier treatment can only be hypothesized 
at this point in time and any quantification is beyond the scope of this publication. 
Though multiple studies documented the limited sensitivity of CXR for the diagnosis 
of IPA20-28, it still remains an important diagnostic procedure in these patients and 
appears not to necessarily trigger immediate CT imaging as documented by our 
study group acquired in 4 hospitals: the average time between CXR and CT was 
about 2.6 days. We do not know whether this delay is due to organizational reasons, 
a lack of immediate therapeutic consequences (patient was treated anyway) or the 
fact that a particularly subtle lesions had not been seen during the original readings. 
We believe that despite its limited sensitivity regarding IPA, or specificity regarding 
the potential causative organism, CXR has its role in the diagnostic work up of these 
delicate patients which might not be easily transferrable to CT in all situations. 
Application of this new processing technique has been shown to improve the 
detection of focal opacifications in radiographs, which in any case represents the 
more readily available imaging method.  
 The ideal situation would be to treat only patients suffering from IPA and to do 
this without any time delay29. In this scenario, imaging plays a crucial role. Current 
EORTC/MSG guidelines, especially the criteria for CT imaging, are very specific 
resulting in many non-classifiable cases. A broadening of the radiological criteria by 
including more non-specific findings would most likely result in an increased 
sensitivity for the detection of IPA, however, at the expense of a much lower 
specificity30. That way, imaging would be used as a tool to detect any morphological 
changes rather than revealing findings that indeed are suggestive for IPA.
Widespread nodules with a halo of ground glass in a peribronchovascular distribution 
have been described as the best discriminator for early IPA31. Prematurely obtained 
CT scans (e.g. immediately after onset of fever and without any radiographic changes) 
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might demonstrate only non-specific findings harboring the risk for false negative 
interpretation or overdiagnosis, especially if assessed by less experienced radiologists. 
On the other hand, CT scans obtained in a later stage may provide diagnosis of IPA, 
but at the price of increased morbidity and mortality for the patient. One can 
hypothesize that a more sensitive chest radiographic technique may serve as trigger 
to obtain CT imaging without further delay, thus shortening the time to diagnosis. 
Meanwhile this CT acquisition, triggered by positive chest radiographic findings, will 
likely reveal findings indeed suggestive of IPA, consequently increasing its specific 
diagnostic yield. This hypothesis is supported by the fact that, according to our 
results, the largest benefit of BSI was seen for the subtle and very subtle cases. With 
the bone subtracted images, the number of detected very subtle cases quadrupled. 
Secondly we found a surprisingly long time delay between radiography and CT of 2.6 
days on average for the diseased patients, showing a potential gain in time to 
diagnosis. 
In our study, the baseline performance was higher for bedside images than for the 
upright images, which was not expected when considering the variable image quality 
and generally poorer condition of the patients undergoing bedside imaging. The 
superior baseline performance for the bedside images in our study was likely due to 
the fact that the group of bedside images contained relatively more obvious cases 
(group of obvious and moderately subtle cases) as compared to the upright group 
(55% versus 46%). Even so, we found a similar performance increase for both groups 
with an increase in AUC of 0.49 for upright images and of 0.40 for bedside images 
which failed to reach significance in the bedside group due to the smaller sample 
size.
Our study suffers from some limitations. Evaluation was performed separately for the 
right and left lung to prevent readers from being influenced by the contralateral 
findings and to be able to assess the performance for various types of lesions 
independently, with respect to conspicuity. From a clinical point of view this introduced 
a somewhat artificial component. Although readers did not know the percentage of 
diseased and normal lungs, they did know that prevalence was enriched which might 
have lowered their threshold to call opacifications positive. Lastly, the time difference 
between acquisition of the CXR and the CT does not exclude in this rapidly changing 
disease that extent and location of lesions differed between the two examinations. All 
radiographs were carefully evaluated by an experienced chest radiologist and the 
clinical researcher, confirming the radiographic findings with CT as reference 
standard. This issue was also considered less important given the fact that readers 
were asked to score the most obvious lesion per lung and not all lesions.  
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In conclusion, a new processing technique that digitally subtracts overlying bone 
structures in chest radiographs significantly improves the detection of fungal 
infections in chest radiographs. Shortcomings of CXR regarding its low sensitivity for 
the detection of IPA could be partly eliminated with the use of BSI, since we found an 
increase in sensitivity of 17%. Despite its inferiority to CT, CXR still represents an 
important role in the work up of febrile neutropenic patients, serving as a diagnostic 
screening procedure that is readily available, relatively easy to perform and providing 
immediate diagnostic information.  Prospective studies will have to prove the impact 
of a substantially improved radiographic technique on the role of radiography in 
diagnosing IPA more promptly and triggering CT examinations for further morpho -
logical analysis.
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Abstract
Objective: To investigate the effect of bone suppressed chest radiographs on the 
detection of common chest abnormalities.
Methods: 261 posteroanterior and lateral chest radiographs were collected from two 
hospitals. Radiographs could contain single or multiple focal opacities <3cm(n=66), 
single or multiple focal opacities >3cm(n=33), diffuse lung disease(n=49), signs of 
cardiogenic congestion(n=26), or no abnormalities(n=110). Twenty-one cases contained 
more than one type of disease. All abnormalities were confirmed by a CT scan obtained 
within 4 weeks of the radiograph. Bone suppressed images (BSI) were generated 
from every posteroanterior radiograph (ClearRead BSI 3.2, Riverain Technologies). 
All cases were read by six radiologists without BSI, followed by an evaluation of the 
same case with BSI. Presence or absence of each disease category and confidence 
(0-100) of the observers was documented for each interpretation. Differences in 
number of correct detections without and with BSI were analyzed using the Wilcoxon 
signed-rank-test.
Results: On average, six more cases with focal lesions were correctly identified with 
BSI (p=0.03), and one additional case with diffuse abnormalities was found with BSI 
(p=0.32). None of the observers decreased in the number of correctly detected 
cases with diffuse abnormalities or cardiogenic congestion with BSI. False positives 
in normal cases with availability of BSI mainly referred to the detection of small focal 
lesions (on average 7 per reader; p=0.04).
Conclusion: BSI does not negatively affect the interpretation of diffuse lung disease, 
while improving visualization of focal lesions on chest radiographs. BSI leads to 
overcalling of focal abnormalities in normal radiographs.
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Introduction
Bone suppression has been advocated for chest radiography to decrease obscuring 
effects of rib shadows. Removal of bone structures in chest radiographs can be 
achieved using a dual energy subtraction technique that has special hardware 
demands. Alternatively, removal of bone structures can be achieved by applying 
dedicated software that digitally suppresses the bone shadows, without the need for 
additional exposure or hardware components. Both techniques produce an additional 
image without overlying bone shadows that is thought to be used as adjunct to the 
original posteroanterior chest radiograph, and not to be used as standalone image. 
 In this study we aimed to assess the impact of digitally bone suppressed images 
(BSI) on the detection of a variety of common chest diseases. In previous studies, 
BSI has shown to be helpful for the detection of focal lung opacities on chest 
radiographs (CXR), such as lung nodules or focal pneumonia1-3. Up to now, observer 
studies only focused on the detection of focal abnormalities, but the effect of BSI on 
other types of chest abnormalities is unknown. For a broad application of BSI in 
clinical practice, however, it is important to also quantify the effect of BSI on the 
detection and characterization of diffusely distributed diseases.
 The only previous study that focused on the detection of diffuse disease was 
done with hardware based dual energy subtraction radiography. This study simulated 
an interstitial lung disease (ILD) pattern on a chest phantom, and found a significant 
increase for the detection of ILD with the availability of dual energy subtracted images4. 
In a different article it was stated that although diffuse interstitial lung disease patterns 
may become more conspicuous, this advantage would likely be counteracted by the 
increased noise in dual energy subtracted images and reducing detail characteristics. 
The authors concluded that it is therefore unlikely that dual energy subtraction would 
yield an advantage for the detection of ILD5. Though bone suppressed images do 
not suffer from increased noise or degraded detail resolution, the image shows a 
more pronounced visualization of the parenchymal architecture and vasculature with, 
up to now, an unknown effect on observer performance. Introducing BSI into broad 
clinical application, however, would require knowledge of its effect not only on the 
detection of focal lesions, but also on the assessment of images with diffuse lung 
disease as well as on the assessment of normal images, when evaluated in a set of 
cases with a variety of abnormalities to be frequently encountered in clinical practice. 
 Therefore we undertook an observer study to investigate the effect of bone 
suppressed images on the detection of the most common types of pulmonary 
abnormalities on chest radiographs. We included cases with focal opacities of 
variable size, cases with diffuse lung disease or signs of cardiogenic congestion, 
and normal cases. To be able to focus on detection performance rather than on 
interpretation, we defined disease categories. For each case, radiologists scored the 
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presence of one or multiple of the four disease categories, without and subsequently 
with bone suppressed images. Objective of the study was to measure the effect of 
reading with the supplementary BSI on individual reader behavior in a setting with a 
variety of common pulmonary abnormalities.
Methods
Data
Patient informed consent was waived by our institution’s ethic committee for this 
retrospective analysis of existing radiographic data. Study images were collected 
from two institutions (Radboud University Medical Center Nijmegen and Meander 
Medical Center Amersfoort, Netherlands). Chest radiographs in both posteroanterior 
(PA) and lateral projections needed to be available for inclusion in this study. All 
abnormalities on the chest radiographs, but also the absence of abnormalities on 
normal chest radiographs were confirmed by a coherent computed tomography (CT) 
scan obtained within 4 weeks of the chest radiograph. CT findings served as reference 
for presence or absence of disease, whereupon the visibility of corresponding findings on 
radiographs was confirmed by the researcher and an experienced chest radiologist 
in consensus. Radiographs could contain single or multiple focal opacities smaller or 
larger than 3 cm, interstitial lung disease, or signs of cardiogenic congestion. Radiographs 
could contain only one type of disease, but also multiple types of disease. We aimed to 
include cases with a wide range of subtleties and to have a balanced distribution 
between cases with focal and diffuse disease. Radiographs could show signs of 
chronic obstructive pulmonary disease (COPD), however, readers were instructed 
not to weight COPD as separate disease entity. All radiographs were reviewed and 
categorized into a disease category by the clinical researcher and an expert 
radiologist (> 15 years of experience). Classification into disease categories (focal 
opacities <3cm, focal opacities >3cm, diffuse disease, cardiogenic congestion) was 
based on the abnormality distribution on the chest radiograph and the phenotype on 
CT. All images were blinded with respect to patient demographics.
Image Acquisition
Chest radiographs were acquired with storage phosphor radiography (CR, Agfa, 
Mortsel, Belgium), flatpanel direct radiography (Siemens, Erlangen, Germany) and 
slot scanning charge coupled device technology (Delft Diagnostic Imaging, Veenendaal 
The Netherlands). Image processing was applied as recommended by the manufacturers, 
and in use for clinical routine in the institutions. For all patients posteroanterior and 
lateral projections were available.
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Bone Suppression Software
Bone suppressed images were generated by ClearRead Bone Suppression 3.2, 
(Riverain Technologies, Miamisburg, Ohio). This most recent software version 
suppresses all bony structures in the frontal chest radiograph and is designed to 
produce an image that has the same characteristics as the original image with 
respect to gradation, detail contrast and size. The software product has U.S. Food 
and Drug Administration (FDA) approval.
Observer Study
Six observers (four radiologists and two residents) from two hospitals participated in 
the study. A sequential reading design was used for reading of the images, meaning 
that first the original posteroanterior (PA) and lateral radiographs were evaluated, 
immediately followed by a second evaluation of the same case with additional 
availability of the PA bone suppressed image. Per case, without and with BSI, the 
observers were asked to fill in a score form. The observers reported the presence or 
absence of the previously mentioned disease categories, without mentioning 
underlying pathology or pathophysiology. The four disease categories were defined 
as follows: focal opacities smaller than 3 cm, focal opacities larger than 3 cm, diffuse 
diseases (e.g. interstitial lung disease / airways disease), and signs of cardiogenic 
congestion (including various degrees of pulmonary edema. Observers only had to 
score whether findings of one or more of these 4 disease categories were present, 
they did not have to locate the abnormality. Finally, per case observers were asked to 
quantify their confidence in their evaluation on a continuous scale between 0 and 100 
without and with BSI. Readers were not informed about the distribution of normal and 
abnormal cases or about the frequency of disease categories in the study group. 
 For the evaluation of the chest radiographs we used the Cirrus workstation 
(cirrus.diagnijmegen.nl). This workstation allows for digital documentation of score 
forms. The observers evaluated all cases in different randomized order having the PA 
and the lateral radiograph available. The PA bone suppressed images were stacked 
at the same position as the original PA radiograph on the same monitor. Observers 
could toggle between the PA radiograph and the PA bone suppressed image to 
review corresponding areas in the images. Commonly used processing tools as 
adjustment of window and level, and grey scale inversion were available in the 
workstation. We used a 30 inch LCD monitor (Flexscan SX3031W; Eizo, Ishikawa, 
Japan; native screen resolution of 2,560 by 1,600) for visualization of the images. 
Readings took place under dimmed light conditions.
 Observers were told that none, one or more disease categories could be present 
per case. Readers quantified their confidence into detection of diseases per case 
and not per disease category. Detection scores and confidence scales were digitally 
documented first without BSI and subsequently with the availability of BSI. Any given 
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score could not be changed retrospectively. Observers were instructed to disregard 
focal linear opacities (corresponding to plate like atelectasis or scars), and calcified 
granulomas, and not to score COPD as diffuse abnormality. A training set of 20 cases 
to get familiar with the type of abnormalities present in the study group and the effects 
of BSI was provided to the observers. During this training the observer received 
instant feedback by the clinical researcher. Two of the six observers had previous 
experience with the bone suppression software from previous studies, none of the 
observers had used BSI in clinical practice.
Data Analysis
The number of correct classifications per disease category and the number of false 
positives in normal cases were calculated per observer. Analysis focused on change 
in reported disease categories on the score form and confidence of the interpretation 
with and without the use of BSI. Number and type of cases in which the opinion of the 
observer changed based on the BSI was documented. Increase and decrease in 
confidence in cases without and with change in disease categorization were measured 
per case and for all cases per observer. Significance of differences per reader with 
respect to confidence scores was calculated using a paired t-test. The number of 
correctly classified diseased category without and with BSI was compared using the 
Wilcoxon signed rank test. The significance level was set at P< 0.05. Statistics were 
performed with IBM SPSS Statistics (version 20.0).
Results
Patient Characteristics
In total 261 radiographs were collected. 153 radiographs were from male patients 
and 108 radiographs from female patients. The average age of the total group was 
55.5 years (±16.8). The average age of patients with diseased radiographs was 58.0 
(±14.8), compared with an average age of 54.3 (±15.5) for patients with normal chest 
radiographs (p=0.05; t-test). Males and females were evenly distributed over the 
diseased and the normal group (male:female; diseased 88:63, normal 65:45). The 
distribution for each disease category was as follows: 66 cases with single or multiple 
small focal opacities (<3 cm), 33 cases with single or multiple large focal opacities 
(>3 cm), 49 cases with diffusely distributed lung pathology, 26 cases with signs of 
cardiogenic congestion, and 110 normal cases (Fig. 1 – 4). Twenty-one cases showed 
more than one disease category. 
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Figure 1  Example of a case with multiple small lesions; A 51 year old male with multiple small 
focal lesions based on metastasis, correctly observed by all six readers. Left: original radiograph. 
Right: bone suppressed image.
Figure 3  Example of a case with diffuse lung disease; 39 year old male with diffuse interstitial 
abnormalities, correctly identified by all observers. Left: original radiograph. Right: bone suppressed 
image.
Figure 2  Example of a case with a large focal lesion; 76 year old male with a large focal lesion 
in the right lung that was reported by four of the six readers. Left: original radiograph. Right: bone 
suppressed image.
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Impact on Focal Disease
Without BSI, 49 (range 29 – 59) of the 99 focal lesions were reported on average by 
the observers. This number increased to 55 when bone suppressed images were 
used (p=0.03). Especially smaller lesions (< 3cm) were more easily seen with BSI 
(on average 5 additional detections; p=0.03) compared with large focal lesions (on 
average 0.5 additional detections; p=0.08). All observers found more small focal 
lesions with BSI, and none of the observers decreased in number of focal lesions with 
BSI (Table 1).
Impact on Diffuse Disease
On average, 42 (range 29 – 55) of the 65 cases were correctly identified with diffuse 
abnormalities (including cases with cardiogenic congestion) based on the original 
radiograph. On average, one extra case with diffuse abnormalities was found with 
BSI. There was no significant difference for the number of reported cases without or 
with BSI for diffuse disease (p=0.32) or cardiogenic congestion (p=0.16). None of 
the observers decreased in number of correctly detected cases with diffuse abnormalities 
or cases with signs of cardiogenic congestion (Table 1).
Evaluation of Normal Cases
Of the 110 normal cases in this study, each reader reported on average 27 (25%) as 
abnormal, based solely on the original radiograph. The most frequent falsely reported 
abnormalities in the normal group were small focal lesions (n=11) and diffuse lung 
disease (n=11). 
Figure 4  Example of a case with cardiogenic congestion; 69 year old female with signs of cardio- 
genic congestion, reported by three of the six observers. Left: original radiograph. Right: bone 
suppressed image.
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 With BSI, on average 34 cases were reported as abnormal; 7 more than without 
BSI (p=0.04). With BSI, especially the number of false positive reports on small focal 
lesions increased (n=18), while the number of false positive reports on diffuse lung 
disease (n=10) decreased. Only one observer did not report more false positive 
findings in normal cases with the use of BSI. An overview of changes in normal cases 
with BSI is shown in Table 2.
Table 1  Reported disease categories.  
Disease category n Observer
1 2 3 4 5 6 average
focal lesions < 3cm 66 without BSI 35 34 46 42 37 26 36.7
with BSI 40 45 49 50 39 28 41.8*
focal lesions > 3cm 33 without BSI 18 16 13 6 17 3 12.2
with BSI 19 17 14 6 17 3 12.7
diffuse 49 without BSI 28 34 21 48 31 36 33
with BSI 30 34 21 48 31 36 33.3
cardiogenic congestion 26 without BSI 7 12 8 7 16 6 9.3
with BSI 8 12 8 8 16 6 9.7
normal 110 without BSI 78 82 96 72 66 102 82.7
with BSI 75 64 92 63 61 102 76.2*
Number of correctly reported disease categories without and with BSI, for each observer. * marks a significant 
difference between the number of correctly classified cases per disease category without and with BSI.
Table 2  Reported abnormalities in normal patients.  
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Focal < 3cm 15 20 13 30 10 13 16 28 7 13 3 3 11 18
Focal > 3cm 1 2 4 7 3 4 2 3 1 1 0 0 2 3
Diffuse 15 13 10 8 1 1 20 16 25 24 5 5 11 10
Cardiogenic 
congestion
1 0 1 1 0 0 0 0 11 11 0 0 2 2
Number of reported abnormalities in normal patients, distributed over the different disease categories. 
Obs = observer.
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Changes in Confidence
One of the observers showed a significant decrease of the confidence level with BSI 
(from 92 to 90; p=0.01). Two observers significantly increased their confidence level 
with BSI (from 79 to 84; p<0.001 and from 74 to 76; p<0.001). The remaining three 
observers showed no significant difference in overall confidence with and without BSI 
(p=0.6; p=0.2; p=0.6). 
 Change of confidence was dependent on a change of disease categorization. 
We found an increase in confidence in those cases in which the observers did not 
change the reported disease category. A decrease in confidence, however, was 
observed in cases, in which observers reported a different disease category with the 
bone suppressed images, regardless, of whether the change was correct or not with 
respect to the disease reference (Table 3). 
Discussion
In this article we showed that bone suppressed images improve detection of focal 
lesions without negatively affecting the detection of diffuse chest abnormalities and 
cardiogenic congestion. None of the observers decreased in number of correctly 
detected diffuse chest abnormalities and cardiogenic congestion with the use of 
Table 3  Observer confidence.  
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Observer 3 218 (+0.9) 43 (-6.6) 14 8 21
Observer 4 211 (+4.9) 50 (+3.3) 14 18 18
Observer 5 237 (+0.5) 24 (-29) 7 7 10
Observer 6 218 (+0.4) 43 (-7.8) 9 9 25
Observer 7 244 (+2.3) 17 (+1.2) 3 6 8
Observer 8 255 (+0.1) 6 (-13) 2 0 4
Changes in disease category reported on the score forms by the observers. The number in the parenthesis 
represent the average change in confidence level (on a scale from 0 – 100).
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bone suppressed images. At the same time, we did find a significant increase in 
detection of focal opacities, especially for the smaller lesions. This beneficial effect of 
BSI, however, was counterbalanced by the fact that BSI invoked seven false positive 
results in normal patients, all caused by false observation of focal lesions (Fig. 5). 
Most interestingly BSI did not result in an overcall of diffuse lung disease in normal 
patients.
 For the use of BSI in clinical practice, it is important to know for which type of 
pathology the software has beneficial effects, and for which type of disease BSI has 
detrimental effects. Previous studies discussed the detection of focal lesions1-3, but 
thus far none investigated the effect of BSI on a set of cases with mixed abnormalities, 
including diffuse lung disease. It is known that only a small portion of the chest 
radiographs in clinical practice show incidental solitary lung nodules6, or actionable 
lung nodules in screening studies7, 8. Thus, since in a clinical setting a large amount 
of chest radiographs will not contain lung nodules, it is important to estimate the 
effect of BSI on the evaluation of other common chest abnormalities as well as on the 
evaluation of normal cases. 
 We were concerned whether increased visualization of the lung architecture 
would result in an overcall of diffuse lung disease. The results of our observer study 
revealed that BSI had no detrimental effect on the evaluation of diffuse parenchymal 
changes: We found considerable variability in the number of reported cases with 
interstitial lung disease, but these numbers were not affected by BSI. 
Figure 5  Example of a normal radiograph of 62 year old female that invoked false positive calls of 
focal lesions with BSI. Left: original radiograph. Right: bone suppressed image.
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We observed a substantial overcall of small focal lesions in normal radiographs 
(11 on average). With bone suppressed images this number further increased to 18. 
Overcalling of focal lesions in normal cases will cause unnecessary follow up. One 
reason for the increased number of reported focal lesions in normal cases could be 
suboptimal processing resulting in artifacts that mimic focal lesions. Another reason 
could be the increased visibility of vascular crossings. Bone suppressed images are 
not developed to replace the chest radiographs, and therefore should always be 
used as adjunct to the original radiograph; abnormalities seen on BSI have to be 
verified on the original radiograph to avoid false positive calls. It is very likely that 
more experience with the software will at least partially overcome this problem: None 
of the observers had used BSI beyond study conditions. Furthermore, it has to be 
noted that the case set was enriched with radiographs containing focal lesions, and 
therefore readers may have reported focal abnormalities more aggressively than they 
would do in clinical practice.
 Categorization of different types of lung disease is somewhat artificial and 
radiologists are not used to categorize the multiple findings especially seen in 
radiographs of elderly patients (average age 56) into distinct, non-overlapping 
categories. In addition, the reader behavior is influenced by study conditions to an 
unknown extent. The latter probably also contributed to the overcalling of focal 
lesions in normal radiographs. There was a considerable variability between readers 
with respect to the use of disease categories. Therefore we focused our analysis on 
individual changes introduced by BSI and not on absolute performance measures.
 For this study, we tried to select a set of clinically representative cases. Although 
all cases were derived from clinical archives, the case set was not consecutive but 
enriched with abnormalities; also other abnormalities like bone lesions and pleural 
lesions were not included in this study. Especially the first aspect has to be considered 
when transferring the results into a clinical situation. To capture the full range of 
pathology to be encountered in clinical radiographs at realistic incidences, a very 
large study group would have been necessary to allow for a meaningful data analysis. 
We therefore decided for a case selection and disease categorization.  
In summary, in this study we showed that bone suppressed images do not negatively 
influence the interpretation of chest radiographs by radiologists regarding the evaluation 
of diffuse lung disease and signs of cardiogenic congestion. Radiologists are aided 
by BSI in cases with focal abnormalities, however, the availability of bone suppressed 
images causes overcalling of focal opacities in normal cases especially if experience 
with BSI is still limited.
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Abstract
Purpose: Purpose of our study was to evaluate the added value of computer aided 
detection for lung nodules in chest radiographs when radiologists have bone 
suppressed images available.
Methods: Written informed consent was waived by the IRB. Selection of study images 
and study setup was reviewed and approved by the institutional review boards. 300 
posteroranterior (PA) and lateral chest radiographs, (189 negative radiographs and 
111 patients with a solitary nodule) were selected from image archives in four institutions. 
PA images were processed by a commercially available computer aided detection 
(CAD) system (ClearRead +Detect 5.2, Riverain Technologies, Miamisburg, Ohio), 
and PA bone suppressed images (BSI) were generated (ClearRead BSI). Five 
radiologists and three residents evaluated the radiographs with BSI available first 
without CAD and secondly after inspection of the CAD marks. Readers marked 
suspicious locations and provided a confidence score for that location to be a nodule. 
Location based ROC analysis was performed using JAFROC analysis. Area under 
the curve (AUC) functioned as figure of merit and p-values were computed with the 
Dorfman-Berbaum-Metz method.
Results: Average nodule size was 16 mm. CAD standalone reached a sensitivity of 
74% at 1.0 false positive per image. Without CAD average AUC for observers was 
0.812. With CAD performance significantly improved to an AUC of 0.841 (P = .0001). 
CAD detected 127 of 239 nodules that were missed after evaluation of the radiographs 
together with BSI pooled over all observers. Only 57 of these detections were eventually 
marked by the observers after review of CAD candidates.
Conclusion: CAD improved radiologists’ performance for the detection of lung nodules 
on chest radiographs, even when baseline performance was optimized by providing 
lateral and bone suppressed images. Still the majority of true positive CAD candidates 
is being dismissed by the observers.
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Introduction
Chest radiographs (CXR) still represent the first line method for diagnosis of lung 
nodules regardless its known inferiority to computed tomography (CT). In addition to 
the fact that a subset of nodules is therefore in deed not visible on a chest radiograph, 
there is a subset of lesions that are well visible but are overlooked by the observer1,2. 
The latter may be due to overprojection by other anatomic structures or may happen 
due to inattentional blindness by the observer meaning that lesions are simply 
overlooked or no appropriate action is triggered once the lesion is noticed. Therefore 
the goal of recent image processing techniques is to reduce the risk of overlooking 
nodular lesions that are well visible in retrospect. According to the literature the number of 
lung cancers initially missed on chest radiographs but retrospectively visible amounts 
to 19 to 26% in various study populations1,2. Overprojection by osseous structures has 
been reported as one reason leading to reduced detection of lung cancer3,4. Bone 
suppression imaging (BSI) addresses this issue and has been found to significantly 
improve observer performance for detection of pulmonary nodules with an increase 
of sensitivity ranging from 4% to 17%5,6.
To further reduce the risk of missing a nodule that is visually discernible on the 
radiograph several programs for computer aided detection (CAD) have been developed. 
Since the first introduction of CAD these programs have been continuously improved 
with respect to sensitivity and specificity. Observer studies so far reported variable 
results. For instance, while one study demonstrated an improved detection of lung cancers 
from 68.2% to 76.7%7, two other studies8,9 did not find a significant improvement with 
CAD. As possible underlying problem the authors discussed that observers could 
not sufficiently discriminate between true and false positive CAD candidate lesions: true 
positive lesions were dismissed and false positive CAD candidate lesions provoked 
false positive decisions8,9. It is conceivable that combining both efforts, bone suppression 
and computer aided detection, leads to an improved detection performance for small 
and low conspicuous nodules. Purpose of our study was to evaluate the added value 
of computer aided detection for lung nodules in chest radiographs when radiologists 
have bone suppressed images available.
Materials and Methods
Data
Selection of study images and study setup was reviewed and approved by the 
institutional review boards (IRB).Written informed consent was waived by the IRB. 
We retrospectively selected digital posteroanterior (PA) and lateral chest radiographs 
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by reviewing the image archives of 4 institutions (three academic and one non- 
academic hospital). All images were derived from clinically indicated examinations.
Inclusion criteria were the presence of a solid solitary nodule (< 30 mm) and the 
availability of a PA and lateral chest radiograph and a chest CT obtained within 3 
months.  Radiographs showing signs of other disease, except for chronic obstructive 
pulmonary disease, were not included. All subjects had to be older than 40 years. For 
control patients, absence of disease was ascertained by a negative CXR and a 
negative CT within 6 months of the chest radiograph. 
To assure a wide range of lesion conspicuities with a sufficient number of low conspicuous 
lesions, visibility of the nodules was assessed by an expert radiologist and a clinical 
researcher in consensus. Nodules had to be visible on the PA radiograph and based 
on visual inspection, were classified into 4 categories, ranging from well visible [1] 
to moderately subtle [2], subtle [3] and very subtle [4]. Lesions were annotated in the 
PA chest radiograph, after reviewing a coronal projection image of the CT scan.
Nodule volume (mm3) was calculated from annotations made in CT scans10. Subsequently, 
diameter of the nodule was calculated from the nodule volume, assuming each 
nodule to be a sphere. If known, pathology and follow up were derived from clinical 
records.
Image Acquisition
All chest radiographs were obtained with digital technique using storage phosphor 
plates (CR, Agfa, Mortsel, Belgium), Selenium drum (Thoravision, Philips, Hamburg, 
Germany) and flat panel detector DR systems (Siemens, Erlangen Germany). Image 
post processing was applied as recommended by the manufacturer and used in 
clinical routine. 
Image Processing Software
Computer detection output was generated by ClearRead +Detect 5.2 (Riverain 
Technologies, Miamisburg, Ohio). The CAD system is optimized to detect nodules 
between 9 and 30 mm, although also larger and smaller nodules are marked if 
localized by the software. Candidate lesions identified by the software were marked 
by circles. CAD marks could be displayed on both the original radiograph and the 
bone suppressed PA image. Only PA radiographs are processed by the system. 
Bone suppressed images were computed by ClearRead BSI 2.4 (Riverain Technologies, 
Miamisburg, Ohio). The software generates PA radiographs identical to the original 
image with respect to size and gradation characteristics with the difference that 
overprojections of ribs and clavicle were digitally removed. Both software products 
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are commercially available and have U.S. Food and Drug Administration (FDA) 
approval. 
Reading Methodology
5 radiologists (MS, LQ, LPB, MIT, LM; with respectively 5, 13, 3, 17, 17 years of 
experience) and 3 residents (EK, 4th year resident, RW 2nd year resident, AT, 4th year 
resident) evaluated the radiographs in different randomized orders. None of the 
readers had any previous experience with BSI or CAD.
Readers reviewed the cases first without and subsequently with the use of computer- 
aided detection marks within one reading session. BSI was available at all time. 
To familiarize the readers with the software used in the study, a training session of 
40 cases, with instant feedback from the researcher, was provided in advance. The 
training set consisted of 22 patients with a nodule and 18 controls, which were not 
used in the study. Training images contained representative lesions, and other 
abnormalities (e.g. old rib fractures) to familiarize the radiologists with the bone 
suppressed images and the computer aided detection output. The setup of the 
training was similar to the review of study images, including the two-stage scoring, 
without and with CAD.
 In the observer study, readers were able to mark and score suspicious regions in 
the PA chest radiograph. A ruler on the screen with a continuous scale between 0 and 
100 was used to document the degree of suspiciousness (confidence) that a nodule 
was present (0 = not suspicious, 100=definitely suspicious). Observers were allowed 
to score multiple suspicious regions per image. All readings with respect to localization 
and confidence scale were digitally documented.  Readers did not have the ability to 
change previous annotations.
Readings took place on a 30 inch (FlexscanSX3031W; Eizo, Ishikawa, Japan) DI-
COM-calibrated LCD monitor, with a native screen resolution of 2,560 by 1,600 in a 
darkened room, mimicking clinical reading conditions. Processing tools, like 
adjustment of window and level, zoom in/out and grey scale inversion, were available. 
Observers could review both PA and lateral images side-by-side. BSI could be 
visualized with a key on the keyboard, and appeared at the exact same location as 
the PA radiograph. In this way reader could toggle between the original CXR and the 
BSI to easily review corresponding areas in the radiograph. After the first scoring 
without CAD but with BSI, CAD marks were automatically displayed, and could also 
be toggled on and off, if wanted by the readers. Subsequently the readers were 
asked to score location and degree of suspicion for the presence of a nodule for the 
second time: it was allowed to score new lesions, remove old lesions or modulate 
previously made scores after having seen the CAD marks. 
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Radiologists had been given the information that a maximum of one nodule was 
present in each exam. They knew the study set consisted of more control patients 
than nodule patients, but they did not know the exact numbers. Radiologists were 
assigned to read the chest radiographs in different random order, encouraging them 
to review chest radiographs with a reading speed they would have under clinical 
conditions.  
Statistics
For statistical analysis, multi reader multiple case (MRMC) jackknife alternative 
free-response receiver operating characteristic (JAFROC) analysis was performed11,12. 
A finding by an observer was considered true positive when the marking was within 
1 cm. of the center of the ground-truth annotation. As input for JAFROC analysis, only 
one reader score per image is used for analysis. For negative (normal) cases this is 
the false positive (FP) with the highest score. For positive (abnormal) cases, markings 
of non-lesion locations are ignored and only true positive (TP) markings (if present) 
are used. That way it is assured that readers cannot be rewarded for marking non 
lesion locations in positive cases. Area under the curve (AUC), which represents the 
probability that a lesion is rated higher than non-lesion locations in negative images, 
was calculated using the trapezoidal/wilcoxon method. AUCs without and with help 
of CAD were compared with the Dorfman-Berbaum-Metz method (DBMMRMC 
package v2.33, http://perception.radiology.uiowa.edu), which includes reader, case 
and treatment variance. Also partial area under the curve (pAUC), corresponding to 
a specificity range of 80% to 100% were calculated from the AFROC curves. 
 Further, sensitivity was calculated by dividing the number of correctly localized 
lesions by the total amount of lesions. Specificity was calculated by dividing the number 
of non marked cases by the total amount of negative cases. These calculations were 
done taking all scores of suspiciousness into account and were carried out for all 
lesions as well as for the subcategories of various conspicuities. Sensitivities and 
specificities were also calculated for different thresholds of suspiciousness scores 
given by the observers, to investigate the shift in sensitivity and specificity with use of 
CAD. Differences in patient characteristics were compared using a chi-square test 
with respect to sex distribution and an unpaired t-test with respect to age distribution. 
Significance of difference was defined at P < .05.
95
EFFECT OF CAD ON THE DETECTION OF PULMONARY NODULES
Results
Patient Characteristics
Three hundred subjects were selected for the study, 189 negative radiographs and 
111 radiographs with a solitary pulmonary nodule. Average age was 65 years (range 
44 – 88) for patients with a nodule and 64 years (range 41 – 88) for controls subjects. 
Difference in age was not statistically significant (P = .22). 177 subjects were male 
(average age 64 (range 44 – 87)), 123 were female (average age 64 (range 41 – 88). 
Difference in age between males and females was not statistically significant (P = .76) 
There was an  even age distribution over the groups (nodule group: 66 males (age 66 
(range 44 – 83) 45 females (age 63 (range 66 – 88))) versus control group: 111 males 
(age 63 (range 44 – 87) and 78 females (age 64 (range 41 – 88))) (P = .9)). Average 
nodule diameter as determined on CT - was 16.2 mm (median 15.1 mm; range 7.8 – 35 
mm). When measured on CT, five lesions exceeded 30 mm in diameter, herewith 
representing a mass and not a nodule according to the Fleischner glossary13. The 
conspicuity of these 5 lesions was categorized as being obvious (n=1), moderately 
subtle (n=3) and subtle (n=1). 78 lesions were malignant, which was histologically 
proven in 67 cases and based on clinical history in 11cases. 20 nodules were benign, 
and the etiology of 13 nodules was unknown.
Standalone CAD
CAD reached a standalone sensitivity of 74% (82/111) at 1.04 FP/image (range 0 - 5). 
Sensitivity of CAD was 90.6% (29/32) for well visible nodules and 87.5% (28/32) for 
moderately subtle nodules. Sensitivities for subtle and very subtle nodules were 
62.1% (18/29) and 38.9% (7/18), respectively. CAD detected 91.3% (21/23) of the 
nodules larger than 20mm. For smaller nodules detection rates were less, with a 
detection rate of 62.5% (20/32) for nodules between 15 and 20mm. and a detection 
rate of 76.6% (36/47) for nodules between 10 and 15mm. CAD localized 55.6% (5/9) 
of the nodules smaller than 10mm. On this data set, CAD reached an area under the 
AFROC-curve of 0.656. Pooled over all readers, the readers missed 239 nodules 
without CAD. CAD detected 53% (127/239) of these nodules (Table 1). 
 In total CAD generated 196 FPs in negative cases (n=189). Most false positives 
of the CAD system were provoked by the anterior contour of the first rib (n=29) or 
by hilar vascular shadows (n=69) (Figure 1). Seventy-one (38%) negative cases and 
10 (9%) positive cases did not contain any CAD mark.
Observer Performance
Total area under the AFROC curve for the observers was 0.812 without CAD versus 
0.841 with CAD (P = .0001; Figure 2). Observers improved their performance at a 
specificity range between 80 and 100%, shown by an increase of the pAUC from 
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Figure 1  CAD performance: Left: Radiograph demonstrates approximate locations of all the 111 
nodules that were detected by CAD (white star) and not detected by CAD (black dots). Right: Same 
reference radiograph with the approximate locations of the FP marks (n=196) in all negative cases 
made by the CAD system.
Figure 2  Average AFROC curve without and with CAD.
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0.125 to 0.133. All eight observers improved their performance with use of CAD; 
individually the differences reached significance for 5 observers (Table 2).
 Comparing sensitivity and specificity without and with CAD at different thresholds 
of suspicion, the largest increase of sensitivity was seen at high confidence scores 
above 90 (Table 3). This was associated with the smallest loss in specificity. Going to 
lower thresholds increase of sensitivity became smaller and loss of specificity larger.
CAD detected 53% (127/239) of the nodules that were missed by the readers. Readers 
dismissed 55% of these TP CAD candidates (70/127). If CAD lead to modification of 
reader scores itwas beneficial in most cases, e.g, leading in nodule cases to placement of 
new labels in 57 occasions and an increase of suspiciousness score in 220 occasions. 
These positive effects counteracted the negative effects caused by placing new 
labels (n=92) or raise of suspiciousness (n=66) in normal cases (Table 4). 
Lesion Conspicuity
Considering the markings by all 8 observers, they located 649 of 888 nodules 
(8 readers  x  111 nodules) without CAD and 704 nodules with CAD. Mean scores of 
suspicion for the presence of a lesion were 80, 66, 46, and 12 (on a scale from 0 to 
Table 2  Observer performance.  
Without CAD With CAD
AUC pAUC AUC pAUC P value
Radiologists (*)
Observer A (13) 0.812 0.125 0.840 0.135 .05
Observer B (3) 0.820 0.126 0.853 0.143 .01
Observer C (5) 0.857 0.143 0.879 0.148 .03
Observer D (17) 0.748 0.110 0.792 0.119 .01
Observer F (17) 0.830 0.117 0.848 0.127 .21
Average 0.814 0.124 0.842 0.134 .0005
Residents (*)
Observer E (4) 0.780 0.120 0.817 0.123 <.05
Observer G (2) 0.792 0.119 0.831 0.127 .005
Observer H (4) 0.856 0.140 0.868 0.143 .21
Average 0.809 0.126 0.839 0.131 <.05
All 0.812 0.125 0.841 0.133 .0001
Area under the curve (AUC) and partial area under the curve (pAUC) at a high specificity range between 80 and 
100% without and with CAD. P-values of the differences without and with CAD were computed with the Dorfman- 
Berbaum-Metz method for the whole area under the curve. * Number between brackets refers to the years of 
experience or the years of residency.
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100), for the four subsets of nodules with decreasing conspicuity. This indicates that 
subjective categorization of conspicuity well correlated with the degree of observers’ 
suspicion. 
 For the four subcategories of conspicuities readers reached a mean sensitivity of 
96.5% (247/256), 85.9% (220/256), 64.7% (150/232) and 22.2% (32/144), for subtlety 
category 1 to 4, respectively. With CAD sensitivities increased to 98.4% (252/256), 
91.8% (235/256), 75.4% (175/232) and 29.2% (42/144), respectively. AFROC analysis 
showed that improvement for moderately subtle and subtle nodules (cat.2 and cat. 3) 
reached significance with P = .003 and P = .01, respectively.
 Most of the lesions that were missed by observers and CAD were in the low 
conspicuity groups (3 and 4). At the same time, both, the relative number of lesions 
Table 3  Average sensitivities and specificities at various decision thresholds of the confidence 
scores of observer markings. For instance, >30 means that only observer markings exceeding 
a confidence score of 30 are being considered in the calculation of sensitivity and specificity. 
In general, at a high confidence level (> 90) sensitivity was lowest but specificity highest. 
Availability of CAD achieved in this category the highest relative gain in sensitivity without loss 
of specificity.   
Sensitivity Specificity
Decision 
threshold
without 
CAD
with  
CAD
Difference without 
CAD
with  
CAD
Difference
All markings 73.1 79.3 6.2 77.1 72.4 4.7
>30 68.4 73.6 5.2 86.2 84.6 1.6
>50 61.5 67.2 5.7 92.0 91.2 0.8
>70 53.7 59.6 5.9 96.3 95.8 0.5
>80 41.8 48.4 6.6 97.6 97.2 0.4
>90 23.6 32.4 8.8 99.0 98.9 0.1
Table 4  Amount of occasions, pooled of all observers, in which observers defined new markings, 
removed markings, decreased or increased the score of suspiciousness, respectively. Occasions 
are listed separately for normal cases (n=8*189 cases = 1512) and nodule cases (8*111 cases 
= 888).   
Amount of occasions  
in normal cases
Amount of occasions  
in nodule cases
New markings 92 57
Removed markings 20 3
Increase in score 66 220
Decrease in score 125 29
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that had been missed by readers but seen by CAD and the number of true positive 
CAD candidates dismissed by the observers were highest within the group of low 
conspicuous lesions (Table 1).
False Positives
Taking FP annotations of any suspicion (on a scale of 0-100) into account, readers 
made on average 43 FP annotations in negative cases without CAD. This number 
increased to 52 annotations with CAD (P = .001). However, when considering only 
cases with a FP score exceeding a degree of suspicion of 50 (on a scale from 0 
to100), observers made on average 15 FPs without CAD, and 17 FPs with CAD (P = .31).
Figure 3  62 years old male with a 12 mm adenocarcinoma in the left upper lobe. The lesion 
categorized as subtle (cat. 3). Without CAD only one observer marked the tumors. CAD correctly 
identified the tumor, which triggered marking of the cancer by 4 other observers as well. Right 
hilar vascular shadow caused a false positive marking of the CAD system. (a = original radiograph; 
b = bone suppressed images; c = radiograph with CAD marks; d = cross section of coronal CT).
a
c
b
d
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Discussion
This study shows that CAD provides additional value beyond previously documented 
beneficial effect of BSI alone. Several previous studies had homogeneously 
documented a significant improvement of the detection of lung nodules by BSI5,6,14. 
The results of this study demonstrate that this computer-aided detection system 
provides further support for the detection of lung nodules also when the initial image 
analysis was done with BSI. This is noteworthy since previous studies evaluating 
CAD alone had found variable results. Some found an increase in accuracy for the 
detection of lung nodules7,15,16. Others found an increase in sensitivity but also a 
decrease in specificity, resulting in a negligible effect of CAD8,9,17,18. 
Figure 4  65 years old female with a 23 mm non small cell lung cancer in the apex of the right 
lung. The lesion was categorized as moderately subtle (cat. 2).None of the observers marked 
the lesion on the  standard chest radiographs (+ bone suppressed image). After CAD review, 
4 of the observers marked the tumor. (a = original radiograph; b = bone suppressed images; 
c = radiograph with CAD marks; d = cross section of coronal CT).
a
c
b
d
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 Three of the previously published CAD observer studies have evaluated a 
previous version of the same software we used in this study; one study found a 
positive effect of CAD16, the other two could not prove significant improvement using 
CAD9,18. This study used an upgraded version of the CAD algorithm with a lower false 
positive rate. The significant improvement with CAD that we found now may be 
therefore attributable to both, a further improvement of the CAD algorithm and the 
availability of BSI. On the other hand it is remarkable that CAD was able to further 
increase performance from an already high baseline performance with use of BSI. 
The fact that CAD found nodules that were missed by all readers (3 of 7 lesions) or by 
the majority of readers (12 of 25 lesions) even under study conditions in which readers 
were especially vigilant to detect nodules underscores the potentials of the CAD 
algorithm. 
 Our results exceed the findings recently reported in a study comparing the effect 
of BSI and dual energy, both secondarily aided by CAD19. In that study authors found 
a further increase of sensitivity when adding CAD as additional tool, however, no 
significant increase of figure of merit was seen indicating that the increased sensitivity 
was nullified by a loss of specificity. Other methodological differences between this 
study and our study refer to reading methodology, statistical evaluation and version 
of CAD software.   
 The improvement of reader performance by CAD that we found was significant 
for the full range of specificities (0-100%) but also yielded uniform improvement while 
preserving a high specificity as indicated by the partial area under curve at specificities 
between 80 and 100%. It has to be noted that it is ruled out by our statistical analysis 
that readers could improve their performances by being able to mark several locations 
though they knew that the radiographs contained only one nodule: a high number of 
normal cases with false positive marks inevitably would have lead to a performance 
decrease using AFROC analysis. Also AFROC analysis correlated lesion location 
with locations of reader marks. We offered the option to mark several locations to 
encourage the readers to scrutinize the image for potential lesions completely and 
minimize the effects of “satisfaction of search”. 
 With respect to lesion conspicuity we found the largest effect of CAD for 
moderately subtle and subtle lesions. Well visible and very subtle nodules were 
relatively less affected by the availability of CAD. These findings can be explained by 
the fact that the sensitivity of the CAD system for the moderately subtle and the subtle 
nodules was quite high (i.e. 87.5% and 62.1%) providing sufficient chances for further 
reader improvement. For well visible nodules, reader performances without CAD and 
CAD-stand alone performance were both high.  For the category of very subtle 
lesions, CAD’s sensitivity was much better than the readers (39% versus 22%).
Therefore readers could have taken advantage of the availability of CAD similarly as 
they did for the moderately subtle and subtle lesions. The fact that readers were not 
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able to use CAD more beneficially appears to confirm the previously discussed issue 
that readers find it difficult to differentiate true from false positive lesions, especially 
for very subtle lesions.  
 In total readers dismissed a substantial number of TP CAD candidates (n=70; 
Table 1), accounting for 55% of the TP CAD candidates (n=127) made in lesions 
missed at baseline (n=239). This percentage is similar to previously published figures 
ranging from 55% to 80%9,16,20. These high percentages of dismissed TP CAD 
candidates show potential of further improvement with use of CAD. Although the 
majority of FP CAD marks may be easily dismissed, discrimination between a TP 
CAD mark for a low conspicuous lesion and a FP CAD mark is apparently very difficult 
for human observers. Availability of BSI might have been helpful for differentiating 
true from false positive candidates but was not able to minimize or even eliminate the 
fact that TP candidates were not accepted by the readers. We therefore plan to 
explore other means to use CAD e.g., by adding weighting factors or likelihood factors 
to strengthen the influence of CAD on the reader decision. 
Our study suffers from some limitations. The study group had a much higher 
prevalence of diseased subjects (subjects with a solitary nodule) than encountered in 
clinical practice. Furthermore, study conditions in which readers are focused on a 
specific detection task do not reflect the clinical situation. 
 The effect of bone suppressed images on evaluating images with other than 
nodular disease is yet unknown. It could be stated that oversight represents a bigger 
issue in clinical practice than under study conditions, where observers are explicitly 
focusing on the search for nodules. With respect to failure of detection due to 
oversight, it is therefore likely that beneficial effects of BSI and CAD become more 
prominent in clinical practice. Finally, none of the readers had experience with CAD 
in chest radiography. Although we provided a training set of 40 cases with instant 
feedback, this might have been insufficient to become familiar with BSI and CAD.
We demonstrated that CAD has an additional beneficial effect on the detection of 
pulmonary nodules beyond the effect of BSI alone. Even though baseline performance 
was optimized by the availability of bone suppressed images, radiologists were able 
to uniformly improve their detection performance. 
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Abstract
Objectives: To investigate two new methods of using computer aided detection 
(CAD) system information for the detection of lung nodules in chest radiographs. We 
evaluated an interactive CAD application and an independent combination of 
radiologist and CAD scores.
Methods: 300 posteroanterior and lateral digital chest radiographs, including 111 with 
a solitary pulmonary nodule (average diameter 16mm.). Both nodule and control 
cases were verified by CT. Six radiologists and six residents reviewed the CXRs 
without CAD and with CAD (ClearRead+Detect 5.2, Riverain Technologies, Ohio) in 
two reading sessions. The CAD system was used in an interactive manner; CAD 
marks, accompanied by a score of suspicion, remained hidden unless their location 
was queried by the radiologist. Jackknife alternative free-response receiver operating 
characteristics (JAFROC) multi reader multi case analysis was used to measure 
detection performance. Area under the curve (AUC) and partial area under the curve 
(pAUC) between a specificity of 80 and 100% served as measure for detection 
performance. We also evaluated results of a weighted combination of CAD scores 
and reader scores, at the location of reader findings.
Results: AUC for the observers without CAD was 0.824. No significant improvement 
was seen with interactive use of CAD (AUC=0.834; p=0.15). Independent combination 
significantly improved detection performance (AUC=0.834; p=0.006). pAUCs 
without and with interactive CAD were similar(0.128), but improved with independent 
combination(0.137).
Conclusions: Interactive CAD did not improve reader performance for the detection 
of lung nodules in chest radiographs. Independent combination of reader and CAD 
scores improved the detection performance of lung nodules.
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Introduction
Chest radiography can be considered the workhorse of the radiology department. It 
is being used for the detection and diagnosis of multiple diseases, including lung 
nodules, which may represent early lung cancer. Since a chest radiograph is a two 
dimensional image, overprojection of multiple anatomical structures is inevitable. 
This so called anatomical noise, substantially impedes interpretation of chest 
radiographs. Multiple studies have shown that a substantial amount of lung cancers 
are missed, ranging from 19-26%1,2, and even up to 90%3-5. More recent studies have 
shown that the problem of missing lung nodules is still present with most modern 
digital radiographic technology6,7. Abnormalities can be missed due to inadequate 
search, perception errors or interpretation errors. It has been stated that interpretation 
by the radiologist is the most important factor for missing lung cancer in chest 
radiographs8,9.
 To reduce miss rates, computer aided detection (CAD) systems have been developed. 
Thus far all studies dealing with chest radiography applied CAD as second reader to 
the radiologist, meaning that the CAD marks are made available only after the 
radiologist has made a primary review. It remains to the readers’ discretion to accept 
or disregard the CAD marks. Results of these studies were contradictory: Some 
could find an increased accuracy for the detection of lung nodules10-12 while other 
studies reported an increase in sensitivity only at the expense of loss in specificity13-16. 
One problem ameliorating the potential of CAD, is the radiologists’ limited ability to 
reliably discriminate between true and false positive CAD marks.
 We therefore decided to explore alternative methods of using CAD information. 
First, we used CAD interactively. In the interactive mode, CAD marks remained hidden 
unless the radiologist queried a position in the image by clicking with the mouse on 
that location. If a CAD mark was present in this location, it was shown to the 
radiologists, together with a score of suspicion. Such interactive CAD system had 
been shown to be beneficial in chest radiography in an observer study that only used 
non-radiologists17. Second, we computed a mathematical combination of reader and 
CAD scores. With this method, observers would not be confronted at all with CAD 
marks during their reading of the images, but a mathematical combination of the 
reader and the CAD scores is computed afterwards. Both methods have been 
reported to outperform the use of CAD as second reader for lesion detection in 
mammograms18-20.  
 Purpose of this observer study was to test the impact of these two alternative 
methods to use CAD information on nodule detection in chest radiographs. To 
optimize baseline performance without CAD, digitally bone suppressed images (BSI) 
were added to the original chest radiographs. Bone suppressed images have shown 
to improve accuracy for the detection of focal lesions in chest radiographs21-24, further 
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increase of detection performance beyond BSI by adding CAD has also been 
documented25.
Methods
Data
Chest radiographs were retrospectively selected from image archives in one 
academic and three non-academic hospitals. All images were derived from clinically 
indicated exams. Selection of study images and study setup was approved by the 
institutional review board.
One hundred eleven chest radiographs of patients with a solitary lung nodule sizing 
between 5-35 mm were selected in our study. Both posteroanterior (PA) and lateral 
chest radiographs were available. All abnormalities were confirmed by a computed 
tomography (CT) scan less than 3 months from the CXR. In the same age range as 
the patients with a nodule, 189 patients with a normal PA and lateral chest radiograph were 
selected as controls. Absence of lung nodules in normal patients was ascertained by 
a negative CT scan within 6 months time of the CXR. Both, nodule cases and control 
chest radiographs could show signs of chronic pulmonary obstructive disease but 
not of other parenchymal pathology.
 Conspicuity of the 111 lung nodules was scored by an expert radiologist and the 
clinical researcher in consensus, to ascertain a wide range in conspicuity of the 
nodules. Thick coronal reconstructions of the CT scan were used to annotate the 
nodules’ exact location in the radiograph. Nodules needed to be visible on the PA 
radiograph, but could be more pronounced on the lateral image.
Image Acquisition
All chest radiographs were obtained with digital technique using storage phosphor 
plates (CR, Agfa, Mortsel, Belgium), Selenium drum (Thoravision, Philips, Hamburg, 
Germany) and flat panel detector DR systems (Siemens, Erlangen, Germany; Hologic 
Inc., Bedford, MA, USA). Image processing was applied as recommended by the 
manufacturers, and in use for clinical routine in the various institutions.
CAD Software and Applications
Computer detection output was generated by ClearRead +Detect 5.2 (Riverain 
Technologies, Miamisburg, Ohio).  This CAD system is optimized to detect nodules 
between 9 and 30 mm in the PA radiograph, although larger and smaller nodules also 
could get marked. CAD marks were displayed as contours along the lesions’ borders. 
The contours were accompanied by a displayed likelihood score ranging from 0 
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(low suspiciousness) to 100 (high suspiciousness). The contours were also color 
coded, with green for low suspicious marks (score of 0) gradually fading to red for 
high suspicious marks (score of 100) (Figure 1). Bone suppressed images were 
computed by ClearRead BSI 2.4 (Riverain Technologies, Miamisburg, Ohio). The bone 
suppressed images can be generated from every digital frontal radiograph, and no 
special hardware or extra radiation exposure is required. The bone suppressed 
images have the same gradation and contrast characteristics as the original radiographs. 
Both software products are commercially available and have U.S. Food and Drug 
Administration (FDA) approval. 
 The CAD system was FDA approved as a second reader displaying suspicious 
lesions above a suspiciousness score of 35. Using this threshold, CAD achieved a 
sensitivity of 74% with 1.0 false positives (FP) per image in our data set. 
 In this study we used this software in a modified way: CAD marks were only 
shown if the particular location was digitally queried by the radiologist assuming that 
he/ she would find a certain feature in this location suspicious. The lower threshold of 
suspiciousness was shut off, meaning all CAD marks also including the low suspicious 
candidates with a higher risk of representing false positive lesions became available 
but only if queried by the radiologist. Applying no threshold on the CAD system, CAD 
achieved a sensitivity of 81% at 1.9 FP per image (Figure 2). CAD marks were also 
displayed differently: with their color score and color coded contour. They could be 
displayed on both the original radiograph and the bone suppressed images.
Figure 1  Two examples of displayed CAD marks (enlarged). The CAD marks were displayed as 
color coded, fading from red (high score and highly suspicious) to green (low score and mildly 
suspicious), CAD contours of suspicious regions.
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Reading Methodology
The chest radiographs were read in two reading sessions by six radiologists (years of 
experience ranging from 3 – 17 years) and six residents (one 2nd year resident (RW), 
one 3rd year resident (MB), three 4th year residents (EK,AT,IS), and one 5th year resident 
(MS)). In reading session one, readers reviewed the images without CAD but with BSI. 
In reading session two, readers reviewed the same cases with additional help of the 
interactive CAD system. Reading sessions were counterbalanced over the readers, 
and cases were read in different randomized order. A minimum time delay of one week 
was taken into account between the reading sessions. Bone suppressed images 
were available at all time. BSI was stacked behind the original radiograph. Readers 
could toggle between the two images with a key on the keyboard.
Cases were reviewed on a 30 inch DICOM calibrated monitor (Flexscan SW3031W; 
Eizo, Ishikawa, Japan) in a darkened room. The screen had a resolution of 2560x1600, 
which was large enough to review both PA and lateral image side-by-side. Commonly 
used processing tools were available, including zoom in/out, adjustment of window 
and level and grey scale inversion, and could be applied as warranted by the readers. 
Figure 2  FROC Curve of the CAD system on our data set. + = normal clinical threshold of CAD 
system at sensitivity of 74% at 1.0 FP/image on this case set. X = threshold applied for the interactive 
CAD system: Sensitivity of 81% at 1.9 FP/image for this case set. FP = false positive.
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Readers were able to mark and score multiple suspicious regions in the chest 
radiograph. Location information on a pixel level and the suspiciousness scores were 
stored digitally.
In reading session two, with the interactive CAD system, readers could click on 
suspicious regions in the chest radiograph. If the CAD system had marked this 
region, the CAD mark became visible on demand, accompanied by a score of 
suspicion. If no CAD mark was available for that position, no score was displayed. 
The case review system digitally monitored the number of clicks and the location of 
the clicks. 
Reading times per case were digitally recorded, counting from start of evaluation of 
the case until the saving of the scores. For analysis we used median reading times, 
to filter out the effect of long reading, caused by interruptions of the reading session. 
Two minutes without any mouse movement was considered as idle time, and removed 
from analysis of reading times.
Before the start of the study, readers were instructed about the use of the review 
system. A set of 40 training cases containing both nodule and normal cases were 
used to familiarize the observers with the work flow and the interactive CAD system. 
In this training session, instant feedback was given by the clinical researcher.
Statistical Analysis
Multi Reader Multi Case (MRMC) jackknife alternative free response receiver operating 
characteristics (JAFROC) was used for statistical analysis. A maximum of one finding 
per image was used for analysis. For abnormal images this was the highest true 
positive finding, taking location into account. For normal images this was the highest 
false positive finding of the observer, if more than one false positive was reported. 
With this analysis, observers were not rewarded for marking a false positive lesion in 
an abnormal image. A finding was considered true positive when the finding was 
within 1 cm of the center of the ground truth annotation. Area under the ROC curve 
was calculated using the trapezoidal/Wilcoxon method. Partial area under the AFROC 
curve at an interval of 0 – 0.2, which reflects the sensitivity at a high specificity range, were 
compared for the two reading session (without and with interactive CAD). P-values 
were calculated for the whole area under the curve (AUC) using the Dorfman, Berbaum, 
Metz method (DBM)26,27. Significance of difference was reached at p <0.05.
 Beside analysis of the reader findings, we analyzed an independent joint 
interpretation of CAD and each of the individual observers. For this purpose we averaged 
the CAD scores and the reader scores, at the location of reader findings using a 
weighting factor. Findings of CAD and observer were combined if they were located 
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within 15mm of each other. If no CAD mark was present within 15mm of the reader 
finding, a score of 0 was used for the CAD system in the averaging process. We used 
a simple linear combination of CAD and reader scores to calculate the combined 
interpretation scores. For this we calculated an optimal weight for combining CAD 
and reader scores.
Results
Observer Performance
Area under the curve without CAD was 0.824. The AUC with interactive CAD increased 
to 0.834 (p=0.15)
 The average partial area under the curve without CAD was 0.128 and did not 
change for reading with the interactive CAD (0.128) (Figure 3). Individual performances 
are displayed in Table 1. Residents did improve performance with interactive CAD, 
however the difference was not statistically significant (p=0.17). On average readers 
Figure 3  Alternative Free Response Receiver Operating Charactistics (AFROC) curve averaged 
over all readers. Performance without and with CAD was similar. Independent combination of reader 
and CAD findings resulted in improved performance.
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reported 85 lesions without CAD and 88 lesions with the interactive CAD. Without 
CAD a mean of 51 false positives were reported in the normal cases. In the reading 
session with the interactive CAD 49 false positive findings were reported in the normal 
cases.
Interactive CAD system
The CAD system contained 90/111 (81%) true positive marks and 594 (366 in normal 
cases) false positive marks (Figure 2). Most false positive marks were induced by 
hilar vessels or the anterior contour of the first rib. Reading time with interactive CAD 
was on average 3 seconds per case longer than the reading time without CAD (Table 2).
 Interactive CAD was used differently per observer. The total amount of clicks per 
observer ranged from 53 to 2624 click for the whole case set. On average observers 
invoked 143 of the 684 CAD marks. All readers visualized less FP marks (84/594 on 
Table 1  Observer Performance.  
AUC pAUC
Observer Without  
CAD
With  
CAD
Independent 
combination
Without  
CAD
With  
CAD
Independent 
combination
rad 1 0.753 0.772 0.780 0.094 0.083 0.115
rad 2 0.837 0.850 0.843 0.136 0.133 0.142
rad 3 0.888 0.865 0.892 0.149 0.143 0.153
rad 4 0.781 0.792 0.783 0.120 0.120 0.121
rad 5 0.900 0.891 0.908 0.156 0.152 0.165
rad 6 0.859 0.865 0.865 0.143 0.137 0.148
average rad 
(SD)
0.836  
(±0.06)
0.839  
(±0.05)
0.845  
(±0.05)
0.133  
(±0.02)
0.128  
(±0.02)
0.141  
(±0.02)
res 1 0.834 0.844 0.842 0.125 0.132 0.133
res 2 0.834 0.832 0.834 0.137 0.134 0.137
res 3 0.850 0.849 0.855 0.142 0.141 0.147
res 4 0.746 0.802 0.762 0.112 0.113 0.124
res 5 0.847 0.845 0.853 0.131 0.135 0.138
res 6 0.759 0.804 0.787 0.091 0.110 0.116
average res 
(SD)
0.811  
(±0.05)
0.829  
(±0.02)
0.822+  
(±0.04)
0.123  
(±0.02)
0.128  
(±0.01)
0.133  
(±0.01)
average all 
(SD)
0.824 
(±0.05)
0.834 
(±0.03)
 0.834* 
(±0.05)
0.128  
(±0.02)
0.128  
(±0.02)
0.137  
(±0.02)
Area under the curve (AUC) and partial area under the curve (pAUC) at a specificity between 80 and 100% for the 
individual observers.+ = P = 0.04; * P = 0.006. rad = radiologist. res = resident.
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average) than normally would be prompted by CAD if installed with a threshold of 35 
as recommended by the manufacturer (n=299). On average 59 true positive (TP) 
CAD marks were clicked of which 57 were accepted and marked by the radiologists. 
On average another 20 lesions, mainly the more obvious portion of the lesions, were 
found without querying the CAD mark. More detail about the usage of interactive 
CAD can be found in Table 3 and Figure 4. 
 Inclusion of CAD marks with low suspicious scores (1-35), yielded an increase in 
sensitivity from 74% to 81% amounting to an extra of 8 truly identified nodules by CAD. 
59% (on average 5 per observer) of these 8 nodules were reported by the radiologists 
also without CAD. With the availability of CAD, the radiologist located 63% of these 
lesions. For the majority of the detected nodules (4/5) the radiologists queried the CAD 
score. With CAD used interactively, no increase of false positive calls was observed 
in those cases that now yielded a low conspicuous score (<35) by CAD analysis, and 
would not contain a CAD mark at the manufacturers’ threshold (n=29). Without CAD 
86 false positive calls by the 12 observers were recorded in these cases, with CAD this 
number was 69.
Weighted Independent Combination
Optimal weight in this study for combining CAD and reader score was seen with a 
weight of 0.39 for CAD and 0.61 for the reader scores. Combination of CAD scores 
with reader scores on the location of the reader findings showed similar performance 
Table 2  Median reading times in seconds.  
Observer Without CAD With CAD
rad 1 17 23
rad 2 24 25
rad 3 13 16
rad 4 11 14
rad 5 37 41
rad 6 31 43
res 1 23 28
 res 2 27 31
res 3 20 24
res 4 27 31
res 5 26 27
res 6 16 14
average (SD) 23 (±7.6) 26 (±9.4)*
rad = radiologist. res = resident. SD=standard deviation. * P = 0.003 (paired t-test).
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compared to the readings session with interactive CAD with an AUC of 0.834, but was 
significantly better than the performance of the readers for the readings session 
without CAD (p=0.006). The pAUC was the best for independent combination with a 
pAUC of 0.137. Every observer had best performance for independent combination, 
compared to reading without CAD and with interactive CAD. Figure 3 shows the AFROC 
curves for the evaluation without CAD, with interactive CAD and the independent 
combination. CAD found on average 70 of the 85 lesions that were identified by the 
observers, forming a second confirmation for these lesions, and retaining a high 
suspiciousness score in the joint interpretation. CAD did not mark 29 of the 51 false 
positive findings by the observers, bringing down the suspiciousness of these 
findings, and increasing the specificity of the joint interpretation. Another 10 false 
positive locations per reader were also marked by CAD, but with a lower suspicion 
than the observers, causing degradation of suspicion for these findings in the joint 
interpretation.
 CAD found 38 lesions that were missed by at least one observer, and thus could 
offer extra information when all CAD mark locations (not only reader located findings) 
would have been taken into account.
Table 3  Observer clicks.  
Detected Lesions Missed Lesions
obs total 
clicks
CAD 
clicked
with  
CAD 
display
without  
CAD  
display
no CAD  
mark  
available 
total with  
CAD  
display
without  
CAD  
display
no CAD  
mark  
available
total
rad1 285 53 17 66 9 92 2 5 12 19
rad2 707 158 67 8 12 87 2 13 9 24
rad3 326 116 42 33 13 88 5 10 8 23
rad4 851 193 73 2 8 83 1 14 13 28
rad5 2624 293 72 10 14 96 4 4 7 15
rad6 53 2 0 79 12 91 0 11 9 20
res1 893 195 78 4 9 91 0 8 12 20
res2 590 138 68 3 9 80 7 12 12 31
res3 1061 115 62 8 12 82 3 17 9 29
res4 1006 192 77 6 8 91 0 7 13 20
res5 709 165 61 18 9 88 1 10 12 23
res6 323 97 65 8 9 82 0 17 12 29
avg 786 143 57 20 10 88 2 11 11 23
This table shows the amount of clicks and queried true positive (TP) and false positive (FP) CAD marks per 
observer. The table differentiates the number of detected and missed lesions without and with display of a CAD 
mark (clicked CAD marks by the observer). rad = radiologist. res = resident. avg = average.
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Figure 4  Examples of interactive use of CAD. A. normal image, no CAD marks that could be 
queried. B. Nodule case with true positive CAD mark. White arrow indicates the lesion. Red circles: 
CAD marks that could be queried by the observers. Yellow dots: All clicks of the 12 observers in the 
image.
A
B
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Discussion
In this paper we explored two alternative ways to apply CAD as support for detection 
of pulmonary nodules in chest radiographs. The motivation behind interactive use of 
CAD information is to decrease the number of false positive calls initiated through 
CAD candidates. Previous studies had shown that readers have difficulties to 
differentiate true from false positive CAD marks either leading to dismissed true 
positive marks or accepted false positive ones. A previous study that had included 
only inexperienced readers (non- radiologists) had shown a positive effect of 
interactive CAD over prompting CAD for the detection of nodules. For mammography, 
the interactive CAD had yielded a significantly improved detection of masses by 
radiologists with a larger advantage for the less experienced readers. Results of this 
study showed a generally lower performance of the residents compared to the 
radiologists. Only the residents increased in performance using the interactive CAD, 
the difference, however, was not statistically significant.  
 As expected, interactive CAD succeeded in avoiding false positive calls by the 
observers motivated by CAD candidates. Multiple previous studies have found that 
CAD prompts increase the sensitivity for the detection of nodules but at the expense 
that radiologists report more false positive findings induced by CAD prompts13-16. Our 
results now show that without prompting of CAD marks, readers do not identify many 
of those areas as suspicious, in which CAD yields false positive results.  
 However, together with the decreased exposure to FP CAD marks, also less TP 
CAD marks were visualized. With CAD used in the traditional way, 82 TP CAD marks 
Figure 5  Oversight errors. Two examples of missed lung nodules caused by detection errors. 
A. Lesion in the left lung not clicked and not marked by 9 of the 12 observers. B. A retrocardiac lesion 
that was not queried and not marked by 10 of the 12 observers. White arrow indicates the lesion. 
Red circles: CAD marks that could be queried by the observers. Yellow dots: All clicks of the 12 
observers in the image.
A B
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would have been prompted for this case set providing a higher chance of detecting 
nodules previously missed. For a significant portion of the lesions (n=20 of 88) that 
were marked by the observers, they did not ask CAD for feedback, suggesting that 
their confidence in the presence of a lesion did not need further confirmation by CAD. 
 The interactive CAD mode gave us the opportunity to classify errors made by the 
observers based on the clicks in the images. If a lesion was clicked, it was definitely 
detected. However, if a lesion was not clicked, the observer still could have detected 
it visually. On average only 2 lesions were dismissed with review of the TP CAD mark, 
whereas 11 lesions were not clicked at all (Figure 5). These results suggest that 
oversight errors may have contributed more to missed lung nodules than interpretation 
errors, as opposed to previous literature. These previous papers suggested that decision 
making is the main problem in missing lung lesions8,9. Using eye tracking technique, 
they considered a long dwell time as surrogate for visually localizing or detecting a 
lesion, and considered a lesion that was “visually” localized but subsequently not 
reported as an interpretation fault. Based on that assumption, interpretation faults 
were considered the underlying reason for the majority of missed lesions. Assuming 
that in our study any area that provoked increased alertness would have resulted in 
clicking this area to query the CAD mark, we found that many lesions were missed 
because of oversight rather than interpretation faults. We therefore think that a long 
dwell time may not necessarily relate to conscious perception of a lesion, and therefore 
classification of observer errors based on dwell times may not always be correct. 
 One could argue that a non clicked lesion indicates that the lesion did not meet 
the threshold of the observer for asking CAD feedback, although it might have been 
detected visually. However, in this study we did not see a correlation between the 
quantity of clicks and the amount of missed lesions. Which percentage of missed 
lesions can be attributed to decision errors only cannot exactly be determined from 
our results. The fact that only very few false negative decisions were made when 
reviewing a queried TP CAD mark, supports the hypothesis that decision making 
yields less errors than previously assumed. The major drawback of the interactive 
CAD is the fact that on average around 11 lesions were missed, because the area did 
not trigger a query for the CAD score which would have revealed a true positive 
suspiciousness score. This large amount of eventually missed lesions represents 
underused information of CAD.
 It has to be noted that readers received a limited training of 40 cases with the 
interactive system. Such interactive approach, which is completely novel to the observers, 
might require more training, before it is being used optimally. This is demonstrated by 
the widely variable use of the interactive CAD system in our study. A very high number 
of clicks as seen in some readers (> 1000) is indicative of a more random selection 
of query locations in the image rather than using CAD as feedback for specific locations 
that have provoked at least some degree of suspicion. It remains open whether more 
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training would be able to increase the benefit of the interactive system. A successful 
implementation of interactive CAD however is only possible if also perception errors 
can be reduced.
 As second alternative approach, we assessed the effect of independent combination 
of reader and CAD findings. Our results found that the independent combination had 
a higher accuracy for the detection of lung nodules than interpretation without CAD. 
This performance increase was not only realized for the whole reader group but also 
on individual reader level, and especially at a high specificity range. Even the best 
observers increased in performance when their interpretations were combined with 
CAD. Similar results have been previously reported for mammography20. In this study, 
we used a similar approach by only combining scores of locations that were detected 
and marked by the observer. With this approach, no new lesions could be identified, 
since the combination is restricted to the location of the reader findings. The improvement, 
is therefore, solely attributed to a gain in differentiation between TP and FP findings: 
true positive reader findings are strengthened by combining with the CAD score, 
while false positive findings by the readers were often not identified by CAD and thus 
decreased in suspiciousness. When all CAD marks, thus not only reader mark locations, 
would be regarded a further increase in sensitivity can be expected, but inevitably 
also many more false positive marks would be introduced. The independent combination 
with CAD shows that there is potential to improve reader performance using the 
results of the CAD software but without interfering with the reading process. It has to be 
noted that current FDA approval does not allow for such an application and therefore 
any clinical usefulness remains speculative at this point. We used this mathematical 
approach to simulate potential new ways to apply CAD in the future. Rather than using 
CAD as a second reader, whose results actively have to be accepted or dismissed 
by the radiologists, we used the CAD output to independently weigh the scores of the 
radiologists.
 Our study suffers from some limitations. First, the study consisted of a selected 
group of cases with a high prevalence of lung nodules. Moreover, the observers 
reviewed the images under study conditions in which they were focused to detect 
focal abnormalities. This does not reflect the clinical situation. It could be that the 
problem of oversight in clinical practice is larger, since the search task is often more 
complex than only finding lung nodules as in our study. Furthermore, results in our 
study are very dependent on quality of the CAD system. In this study we used a system 
that is inferior to the human observers. It is plausible that the use of an improved CAD 
would markedly improve observers’ detection performance.
 In conclusion, interactive CAD did not improve observer performance for the 
detection of lung nodules in chest radiographs mainly due to the fact that sensitivity 
was not improved. As expected, usage of interactive CAD successfully avoided loss 
of specificity which has been seen as a problem in previous studies using CAD 
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prompts. Furthermore, these results indicate that successful implementation of CAD 
is only possible if it is applied in a way to compensate for perception errors of 
radiologists.  Independent combination of CAD and reader scores demonstrated an 
increase in accuracy for the detection of lung nodules. This shows that CAD contains 
important information that might be beneficially used as adjunct to the observer 
evaluation without interfering with the reading process itself.
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Abstract
Background: Computer-aided detection (CAD) systems have so far only been used 
as a prompting tool, pointing radiologists to regions that warrant a second look. We 
propose a new paradigm, where independent interpretations by a radiologist and the 
CAD system are combined with a weighting formula.
Methods: We analyzed data from two large observer studies for tumor detection in 
chest radiography and breast mammography. The chest radiography study used 
300 CXRs, with 111 CT proven solitary pulmonary nodules. The mammography study 
used 200 full field digital mammography exams with 80 biopsy proven malignancies. 
In both studies, twelve different radiologists marked and scored suspicious regions, 
first without and then with marks of state-of-the-art CAD systems. AFROC MRMC 
analysis was used to measure detection performance, defined as mean sensitivity 
in the clinically relevant high specificity range between 80 and 100%. Scores of 
the radiologists without CAD were then combined with CAD scores at the location of 
reader findings, using a weighted averaging. Performances were compared for 
CAD standalone, human standalone, human reading with CAD marks, independent 
combination of human and CAD scores, and human double reading.
Results: For chest and breast, CAD standalone was worse (0.353 / 0.503) than 
human reading standalone (0.640 / 0.569), but independent combination with CAD 
significantly improved performance compared to unaided reading (0.686; P=0.003 / 
0.635; P<0.001) and 23 of the 24 observers improved. For chest, independent 
combination was comparable to reading with CAD marks (0.670; P=0.07) and 
significantly worse than double reading (0.731; P=0.007). For breast, independent 
combination was significantly superior to reading with CAD marks (0.573; P<0.001) 
and comparable with double reading (0.645; P=0.28). 
Conclusion: Independent combination of a human observer and a computer system 
has the ability to outperform the traditional way of using CAD marks in both chest 
radiography and mammography.
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Introduction
Breast cancer and lung cancer are the two most frequent (non-skin) cancers and are 
the two cancer sites with the highest mortality rates worldwide1. Despite the advent 
of advanced imaging techniques, such as low dose computed tomography (CT) 
for the lungs and magnetic resonance imaging for the breasts, plain radiographic 
imaging is still by far the most widely used modality for detection and diagnosis of 
these cancers, both in clinical and screening practice. Early detection of breast and 
lung cancer is crucial for survival and thus highly desirable2,3. Therefore it seems 
inadmissible that around 20% of retrospectively visible and thus detectable cancers 
are missed in screening mammography4-6 and chest radiography7,8. Such errors 
result in delayed diagnosis, and an overall increased mortality due to more advanced 
disease stages at the time of diagnosis. Moreover, errors in diagnosis related to breast 
and lung cancer are among the most common causes of medical malpractice suits 
against radiologists9. 
 To reduce miss rates computer-aided detection (CAD) systems have been 
developed for mammography and chest radiography. The United States Food and 
Drug Administration has cleared CAD systems only for use as an assistant to the 
radiologist. A possible explanation for this is that standalone CAD systems performed 
inferior compared with radiologists. In this “second reader paradigm” the CAD system 
is meant to avoid oversight of lesions by alerting the radiologist to suspicious areas 
in the image after his or her initial interpretation. When the radiologist accepts CAD 
marks on true lesions that were missed in the initial read, sensitivity increases; 
however, when CAD marks are accepted erroneously, specificity decreases. Many 
studies found a modest or nonexistent increase in detection performance when CAD 
is being used as a second reader10-15. These disappointing results contrast with the 
fact that CAD systems marked many (cancerous) lesions that were missed by the 
radiologist16-19. 
 Using CAD as a second reader has the drawback that the workflow of the 
radiologist has to be adapted. Reading time of the examinations will inevitably increase. 
Finally, only showing CAD marks does not convey to the human reader how suspicious 
the area is estimated to be by the computer analysis. Therefore we decided to investigate 
alternative ways to combine computer and human reading that are possibly more 
effective and impose fewer burdens on workflow. We propose a method where the 
crucial difference is that the task of combining computer scores and human scores 
is not delegated to the human reader (imposing additional burden on the radiologist) 
but to a computer, via a simple weighted averaging. This paradigm has the advantage 
that the radiologist does not need to inspect CAD marks, he reads the cases as 
usual, without CAD, but assigns a score indicating the degree of suspicion to each 
finding. Assignment of risk scores is something radiologists are already familiar with, 
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e.g. in mammography (BI-RADS)20 or as recently been suggested for lung nodules 
in CT (Lung-RADS)21.  
Methods
Data from two large observer studies, one using mammography and one using chest 
radiography (Figure 1), were used for this study. Written informed consent was waived 
by the institutional review board for this retrospective analysis.
Data Mammography
200 full field digital mammograms (FFDM) were selected from a prospective 
screening pilot study22. The study group consisted of 80 biopsy proven cancer cases 
and 120 negative cases. Cases with obvious lesions, with lesions solely showing 
microcalcifications, and cases that did not contain all 4 views (CC and MLO for both 
breasts), were excluded. 17 of the 80 positive cases were priors in which the lesion 
was subtle but visible as determined by follow-up. The group of 120 negative cases, 
included 20 cases that had been primarily referred to follow up and further diagnostics 
because of a suspicious mass or architectural distortion seen in the screening 
mammogram. For these cases, further diagnostic evaluation by ultrasound revealed 
a benign lesion (cyst) as underlying reason, abandoning the need for further invasive 
diagnostic work up. The other 100 negative cases were randomly selected from the 
screening trial. These cases had at least one normal follow-up screening exam.
Data Chest Radiography
300 chest radiographs were selected from image archives in four hospitals. All 
images were obtained for clinical purposes. The dataset consisted of 111 cases with 
a solitary pulmonary nodule and 189 negative cases. For all cases posteroanterior 
and lateral projections were available. Presence and absence of nodules was 
ascertained by computed tomography, obtained within 3 months of the CXR for the 
positive cases, and obtained within 6 months for the negative cases. Inclusion criteria 
were the presence of a solitary nodule that had to be visible on the PA radiograph, but 
could be more pronounced on the lateral exam. All radiographs were from patients 
older than 40 years of age. Negative cases could show signs of chronic obstructive 
pulmonary disease (COPD), but no other thoracic pathology.
CAD systems
Mammography
The CAD system that was developed for use in this study was designed to detect 
malignant masses and architectural distortions and was trained on a large set of digitized 
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Figure 1  Examples of a mammography and chest radiography case. A. mediolateral and 
craniocaudal x-ray mammography of the right and left breast of a 51 year old female. Arrow indicates 
an infiltrating carcinoma. Blue circles denote computer-aided detection findings. B. posteroanterior 
chest x-ray of a 48 year old female with a 22mm adenocarcinoma (arrow) in the apex of the 
left lung.
A
B
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film mammograms (11,793 images containing 1,853 malignant mass regions)13,23. 
Using a preprocessing module this system can be used for full field digital mammo- 
grams. A special feature of the CAD system is that it automatically links regions in the 
MLO and CC views of the same breast if they correspond to the same lesion. This 
linking information is used when computing the suspiciousness score for a region.
Chest Radiography
Computer detection output was generated by ClearRead +Detect 5.2 (Riverain 
Technologies, Miamisburg, Ohio). The CAD system is optimized to detect nodules 
between 9 and 30 mm, although larger and smaller nodules occasionally get marked. 
CAD marks are displayed as lesion contours. The contours were accompanied by a 
likelihood score ranging from 0 (low suspiciousness) to 100 (high suspiciousness). 
The contours are color coded, with green for marks with a low score of suspicion 
(score of 0) gradually fading to red for marks with a high score of suspicion (score of 
100). Together with the original chest radiographs also bone suppressed images 
(BSI) were available. BSIs were generated with ClearRead BSI 2.4 (Riverain Technologies, 
Miamisburg, Ohio). Both software products are commercially available and have U.S. 
Food and Drug Administration (FDA) approval. Only frontal radiographs are processed 
by the systems. CAD marks can be displayed on both the original radiographs and 
the BSI. Observer readings included PA and lateral radiographs.
Acquisition of Reading Data
Both observer studies were performed in a similar fashion, using a sequential reading 
design. In this design the radiologists interpret first the image without CAD, 
immediately followed by a second evaluation of the same case after review of the 
CAD marks. Readers digitally documented the location of the suspicious finding and 
ranked their suspicion on a continuous scale between 0 and 100. Both observer 
studies included 12 observers. For the mammography study these were 9 radiologists 
(1-24 years of experience) and 3 radiology residents with advanced training in breast 
imaging. For the chest radiography readings, 6 radiologists (3-17 years of experience) 
and 6 radiology residents participated. Reading provided us with observer findings 
and scores for all cases without and with CAD marks. Readings took place on a 30 
inch 4K LCD monitor (Flexscan SX3031W, Eizo, Japan), in a darkened room. Common 
processing tools were available. All readings were digitally documented, and readers 
were not able to go back to previously provided assessments. For the mammography 
study, the reading workstation allowed for switching of views, and review of multiple 
views simultaneously. For the chest radiography study, PA and lateral views were 
displayed side by side. The unprocessed PA radiograph and the BSI were stacked 
behind each other in identical position and readers could toggle between them with 
a key on the keyboard. 
133
INDEPENDENT COMBINATION OF READER AND CAD
Combination of Reading Data and Results of CAD Analysis
Three means of combining observer readings and results of CAD analysis were 
constructed (Figure 2): 
CAD as second reader: Combination made by human 
Standard use of commercial CAD systems is to use CAD as a second reader. We 
used this setup in our observer studies. This means that the observer decides what 
to do with the CAD marks, after having reviewed the image itself. The human decision 
Figure 2  Reading modes. All reading modes that are being compared. First of all, the unaided 
performance of the radiologist (a) and the standalone performance of the computer (b). Second, 
the traditional use of CAD marks to point the radiologist to areas that warrant a second look 
(c), the strategy currently recommended by the FDA. Third, the proposed paradigm that uses 
CAD as an independent observer (d). Finally, a simulated double reading of two radiologists (e).
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provided us with performances of reading without CAD and with CAD as a second 
reader. In chest radiography, CAD marks above a suspiciousness score 35 (also on 
a scale from 0 to 100) were displayed to the observers, which corresponded to the 
commercial usage of the software package. In mammography, the threshold was set 
to in such a way that on a reference set of normal mammograms on average two false 
positives (FPs) per case were displayed.
CAD as second independent reader: Combination made by computer
For the computerized combination of observer and CAD interpretations we used the 
following approach. A combined score of the CAD system and the observer was 
computed for each finding that was marked by the observer. Scores of findings were 
combined if the CAD mark was located within 1.5 cm of the reader finding. When 
CAD did not mark the same location as the observer a zero score was used as input 
for the calculation. All CAD marks (scores from 0 to 100) were available for combination 
with the observer.
 The joint interpretation of CAD and the human observer determined the final 
assessment of the case. A proper weighting factor for the CAD input was calculated 
separately for both applications (chest radiography and mammography) in a leave- 
one-out cross validation experiment.
Double Reading
A double reading by two observers was simulated by combining findings of two 
observers in a similar fashion as it was done for combining CAD and one observer. 
All observer markings of both observers were considered in the combined (double) 
interpretation. Performances of all possible combinations of 2 readers were calculated 
and averaged and interpretations by the observers were equally weighed.
Statistical Analysis
Location based receiver operating characteristics (ROC) analysis was applied. Multi 
Reader Multi Case (MRMC) jackknife alternative free response receiver operating 
characteristics (JAFROC) was used for statistical analysis. A maximum of one finding 
per image was used for analysis. For abnormal images this was the highest true 
positive finding, taking location into account. For normal images this was the highest 
false positive finding of the observer, if more than one false positive was reported. 
With this analysis, observers were not rewarded for marking a false positive lesion in 
an abnormal image. A finding was considered a true positive when the finding was 
within 1 cm of the center of the ground truth annotation. Performance was measured 
by the mean sensitivity in a clinically relevant high specificity range between 80% and 
100%. Differences between mean sensitivities were calculated using a paired t-test.
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Results
 
Standalone Performances of the CAD Systems
The CAD system for mammography reached a standalone mean sensitivity in a high 
specificity range (80-100%) of 0.503. CAD detected 67 of the 80 cancers (84%) with 
an average of 3.2 FPs per normal case, at the threshold used for second reader 
purposes, and detected 73/80 (91%) of cancers with an average of 8.2 FPs per normal 
case when used as an independent second observer in which all CAD candidates 
over the full range of suspiciousness scores were considered.
 For chest radiography, CAD reached a mean sensitivity in a high specificity 
range (80-100%) of 0.353. With the settings used in the observer study that used CAD 
as a second reader, the CAD system detected 81 of the 111 nodules (74%) with on 
average 1.0 FPs per normal case. CAD detected 90/111 (81%) lung nodules with on 
average 1.9 FP per normal case, when the system was used as second independent 
observer and CAD marks below the clinically used threshold were included. 
CAD as second reader: Combination made by human 
In mammography, the average mean sensitivity for unaided readers was 0.569, and 
this did not increase when using CAD as a second reader (mean sensitivity: 0.573; 
P = 0.32). In chest radiography, we found a slight but significant increase in mean 
sensitivity from 0.640 to 0.670 (P=0.001) when CAD was used as a second reader. 
Seven observers (58%) increased their performance in the mammography study and 
ten (83%) did in the chest radiography study. Individual reader performances are 
displayed in Figure 3 and 4.
CAD as second independent reader: Combination made by computer
Both in mammography and chest radiography, computerized combination of observer 
and CAD outperformed the use of CAD as a second reader. For mammography, 
the mean sensitivity increased from 0.569 unaided to 0.635 (P = 0.001) with CAD. 
For chest radiography, the mean sensitivity of independent combination of CAD 
 interpretations with observers was 0.686 vs. 0.640 unaided (P = 0.003). All observers 
increased their performance when their interpretations were combined with CAD, 
except for one radiologist in the chest radiography study, who showed a minor (non 
significant) decrease in detection performance.
Double Reading
In mammography, combination of two observers gave an average performance of 
0.645. In general the average performance increased when an observer was combined 
with another observer, except for the two best observers. Three observers decreased 
in performance, when combined with a weak observer. The double reading performance 
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was significantly better than unaided reading (P < 0.001), but was not significantly 
better than the computerized combination of reader and CAD (0.635; P = 0.28).
 In chest radiography, combination of two observers gave an average performance 
of 0.731. There was one observer that decreased slightly in average performance, 
and six observers had the potential to achieve a lower performance then their initial 
performance, when combined with a weak observer. Double reading in chest radiography 
improved performance significantly compared to unaided reading and the computerized 
combination of reader and CAD (0.640; P = 0.001 and 0.686; P = 0.007, respectively). 
All performances are summarized in Table 1 and Table 2.
Figure 3  Detection performance for mammography. Mean sensitivities at a high specificity range 
(80 – 100%) at the different reading modes for all twelve observers. On the left side the computer-aided 
detection (CAD) standalone performance is shown in black. Black = unaided; light gray = CAD as 
second reader; white = CAD as second independent reader; dark gray = double reading. Avg = 
average performance of all readers.
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Figure 4  Detection performance for chest radiography. Mean sensitivities at a high specificity 
range (80 – 100%) at the different reading modes for all twelve observers. On the left side the 
computer-aided detection (CAD) standalone performance is shown in black. Black = unaided; 
light gray = CAD as second reader; white = CAD as second independent reader; dark gray = 
double reading. Avg = average performance of all readers.
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Table 1  Mammography.  
Observer Unaided With CAD Independent 
combination
Double reading
CAD 0.503
1 0.439 0.439 0.584 0.589 (0.503 – 0.711)
2 0.462 0.474 0.525 0.598 (0.503 – 0.699)
3 0.518 0.525 0.615 0.629 (0.559 – 0.723)
4 0.532 0.529 0.606 0.638 (0.571 – 0.739)
5 0.547 0.565 0.598 0.629 (0.567 – 0.736)
6 0.548 0.560 0.615 0.618 (0.550 – 0.711)
7 0.550 0.550 0.614 0.643 (0.562 – 0.751)
8 0.562 0.550 0.646 0.632 (0.564 – 0.738)
9 0.612 0.617 0.637 0.661 (0.584 – 0.770)
10 0.621 0.634 0.686 0.681 (0.638 – 0.753)
11 0.697 0.674 0.718 0.684 (0.599 – 0.815)
12 0.745 0.759 0.774 0.738 (0.688 – 0.815)
average 0.569 (± 0.09) 0.573 (± 0.09) 
(P=0.32)
0.635 (± 0.07)
(P < 0.001)
0.645 (0.503 – 0.815) (± 0.06)  
(P < 0.001)
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Discussion
The main result of this study is that we have shown that tumor detection performance 
can be significantly improved when the computer is used as an independent reader. 
This occurred both for mammography and for chest radiography. Even the best individual 
observers increased in performance when their interpretations were combined with 
CAD. This novel paradigm of using CAD information surpassed the performance of 
the interpretations by the radiologists that used CAD in the traditional way, as a 
second reader. Compared to double reading, independent combination of one 
human observer and the computer scores yielded the same range of performances. 
 Combining two observer readings is potentially a very efficient way to improve 
detection performance. The downside of double reading besides its increased costs 
is observer dependency. In both respects the independent combination of CAD and 
one observer represents an attractive alternative. When a strong human observer is 
being combined with a weak human observer, there exists a chance that the final 
combination will be worse than the initial evaluation of the strong observer. In our 
study we found a very large spread in radiologists’ performances (0.439 – 0.785). 
Nine of the 24 observers (38%) decreased in performance when combined with a 
Table 2  Chest Radiography.  
Observer Unaided With CAD Independent 
combination
Double reading (range)
CAD 0.353
1 0.455 0.532 0.593 0.671 (0.583 – 0.727)
2 0.468 0.512 0.579 0.700 (0.582 – 0.787)
3 0.558 0.595 0.630 0.709 (0.661 – 0.789)
4 0.601 0.600 0.594 0.705 (0.623 – 0.776)
5 0.626 0.656 0.666 0.720 (0.662 – 0.811)
6 0.657 0.698 0.693 0.735 (0.682 – 0.808)
7 0.682 0.744 0.713 0.739 (0.672 – 0.814)
8 0.683 0.696 0.686 0.736 (0.659 – 0.824)
9 0.710 0.729 0.739 0.763 (0.709 – 0.838)
10 0.713 0.713 0.738 0.753 (0.693 – 0.805)
11 0.746 0.753 0.772 0.745 (0.681 – 0.823)
12 0.782 0.806 0.828 0.800 (0.727 – 0.838)
average 0.640 (± 0.1) 0.670 (± 0.09) 
(P = 0.001)
0.686 (± 0.08)
P = 0.003)
0.731 (0.582 – 0.838) (± 0.05) 
(P = 0.001)
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weak observer. On the contrary, only one observer (4%) decreased very slightly in 
performance from 0.601 to 0.594 when combined with CAD. Noteworthy, the increase 
in performance with a computerized combination was found to be independent of the 
experience of the radiologist. It is surprising that an independent combination with 
CAD did not detrimentally affect the best readers, even though the CAD standalone 
performance was clearly inferior (for chest radiography) or at best comparable to the 
worst readers in our studies (for mammography). This effect may be due to the fact 
that the human observer and CAD show a higher agreement for true positive locations 
with positive effects of suspiciousness scores totaling up as opposed to false positive 
locations with generally lower suspiciousness scores from both, computer and 
radiologist. Another possible explanation is the fact that computer algorithms approach 
the problem of tumor detection in a different manner than humans, and thus combination 
is more complementary and more beneficial24.
 The proposal to use the CAD system as independent second observer changes 
the paradigm of applying CAD as currently recommended by the FDA and used in 
clinical practice. The power of the system lies in the fact that interpretations of the 
observer and CAD are being combined by the computer itself. The final result is thus 
generated via a computerized weighting instead of via clinical judgment, and a large 
body of research suggests such an actuarial approach to be superior for a variety of 
diagnostic tasks 25. Although our results are promising, acceptance of this paradigm 
shift by the radiological community would require a fundamental change. Implementation 
for mammography may be easier because this examination exclusively fulfills the 
purpose of tumor detection. On the contrary, chest radiographs are obtained to 
detect variable pathology. The combination of the radiologist’s interpretation and 
CAD would only refer to a part of the diagnostic purpose, namely the detection of 
nodules. However, a simple scoring system, as the BI-RADS scoring system that is 
being used in mammography, could be used as input for the combination with the 
computer software. Using CAD as an independent reader, therefore, requires little 
adjustment of the current radiological workflow.
 Our study suffers from few limitations. Only two CAD systems were used. Although 
these CAD systems are leading systems performance-wise, research of other systems 
may be needed to investigate optimal and robust combinations of computer and 
radiologist. Also the comparison to double reading may be reviewed. We simulated a 
double reading process by averaging two interpretations of the radiologists. Although 
this combination gives a good comparison with a computed combination of computer 
and radiologist, it is not a real double reading process, in which often a third arbiter 
provides the final assessment.
 In summary, a computed combination of CAD and observer significantly increases 
observer performance for the detection of breast lesions in mammography and lung 
nodules in chest radiography and outperforms the traditional way of using CAD as 
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second reader. This computerized combination of CAD and observer approaches 
the performance combination of two human observers, all observers but one 
increased in performance, and even the best observer improved. This new paradigm 
could be implemented without increase in costs of human manpower in the reading 
process.
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Abstract
Objective: To evaluate chest radiographs that were identified as very suspicious or 
normal by a computer-aided detection (CAD) system to reduce overlooked lesions 
or exclude cases from a reading process. 
Materials and Methods: All chest radiographs from 2009 from an academic hospital 
were extracted from the image archive. Patients older than 40 years that had an upright 
examination, and no prior examination within 3 months, were included in the study. 
These images were processed by a commercially available CAD system (Clear-
Read+Detect 5.2). CAD marks with a score of suspicion of 80 or higher (scale 0-100) 
were reviewed for analysis. CAD marks were compared with the findings described 
in the radiological report, and correlated with additional imaging data and clinical 
information from patient records, if present. Also cases that did not receive any CAD 
mark were analyzed, and the negative predictive value of CAD was calculated.
Results: In total, 11,109 chest radiographs were included in our study. CAD found in 
total 29,152 marks. 806 CAD marks had a score higher than 80 and were reviewed. 
Of the 331 CAD marks that were located on an abnormal structure, 147 pointed to a 
tumor, 95 CAD marks displayed other significant findings, and 89 CAD marks showed 
non-significant abnormal findings. In total 475 marks were considered false positives, 
of which 341 were classified as obvious false positives. Two tumors had not been 
reported, and another 3 tumors that were detected by CAD had been reported as non- 
significant findings by the radiologist. The NPV of CAD negative cases was 98.4%.
Conclusion: When the CAD system only displays marks with a high score of suspicion, 
the number of CAD marks is substantially lowered reducing interference with the 
workflow to a minimum, while there is still potential to reduce oversight errors in the 
evaluation of chest radiographs.
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Introduction
Lung cancer is frequently overlooked on chest radiographs (CXR)1,2. To reduce miss 
rates, computer-aided detection (CAD) systems have been developed. As currently 
recommended by the FDA, commercial CAD systems are being used as aid to the 
radiologists. Computer identified suspicious regions can be shown to the radiologist 
on demand, after the initial evaluation by the radiologist. However, current CAD 
systems still produce many false positive marks. As a consequence, radiologists may 
accept many false positive marks or neglect true positive CAD marks3. Also the evaluation 
of many false positive CAD marks requires additional reading time. Although the 
sensitivity of the CAD system is usually acceptable, the additional value of CAD to 
the radiologist for the detection of lung cancer in chest radiography may be limited4,5. 
 Bringing down the number of FP CAD marks would therefore be a desirable 
result. This can be achieved by adjusting the settings of the CAD system. Commercial 
CAD systems normally produce only circles that highlight the area of suspicion. 
Internally, however, not every CAD mark is rated with the same score of suspicion. 
The CAD system computes a certain score of suspicion for each CAD mark, and only 
mark with scores exceeding threshold are displayed to the radiologist. The scores of 
suspicion of CAD marks that are shown to the radiologist still have a broad range of 
values. Adjusting the threshold in the CAD system affects the sensitivity and the 
number of false positive CAD marks shown to the radiologist.
 Previous studies have shown that discriminating between true positive CAD 
marks and false positive CAD marks may be very difficult for radiologists. This distinction 
might be easier for CAD marks that receive a high score of suspicion, since those 
CAD marks are more likely to point out a real lesion. Also when only CAD marks with 
a high score of suspicion are shown, much less CAD marks have to be reviewed by 
the radiologist, reducing the reading effort for the radiologist, and decreasing the risk 
of acceptance of false positive marks. On the other end of the spectrum, CAD could 
help select negative (normal) cases, to reduce the workload of the radiologist. 
Radiographs that do not receive any CAD mark at all, could potentially be excluded 
from a reviewing process or reassure the radiologist that a case is normal. 
 We performed a retrospective data analysis to investigate the potential of a CAD system 
that only produces CAD marks with a high score of suspicion. A commercial CAD system 
was used to process a large clinical dataset including more than 11.000 radiographs 
that had been reported in 2009. The underlying pathology of CAD marks with a high 
score of suspicion was determined using additional information, including imaging, 
from the patient records. Results of the CAD analysis was correlated with the content of 
the radiological report with emphasis on whether CAD detected lesions that had not 
been mentioned in the report. To estimate the negative predictive value of the CAD system, 
cases that did not contain any CAD mark were checked for the presence of lung cancer.
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Methods
Data Selection
All chest radiographs between 2006 and 2010 from our hospital were searched for this 
study. Inclusion criteria for our study were: patients that were 40 years of age or older 
with an upright chest radiograph and no prior chest examination within the last 3 months. 
The latter criterion was defined to exclude patients with known primary lung malignancies, 
and to prevent the case set to be cluttered by many images of the same patients. All 
trauma and bedside exams were excluded. We did not specifically exclude patients 
with known malignancies or known pulmonary metastases. With these criteria we 
aimed to collect a group of state-of-the-art chest examinations of patients in an age 
category at risk of developing primary or secondary lung malignancies. Chest radiographs 
together with the radiological report of patients that met the inclusion criteria were retrieved 
from the Picture Archiving and Communication System (PACS). All examinations and 
reports were retrieved from the same academic institution. In this institution, reports may 
be formulated by residents, but within the system it is assured that all chest radiographs 
are also reviewed by a board certified radiologist. The readers reporting chest radiographs 
includes radiologists specifically trained in chest but also general radiologists.  
Computer Aided Detection (CAD) Software
All study images were processed by a commercially available CAD system (Riverain 
ClearRead +Detect 5.2, Miamisburg, Ohio). The CAD system is developed to detect 
nodules with a diameter between 9 and 30 mm, although smaller and larger lesions 
can also be detected.  Only frontal radiographs are being processed by the system. 
The system provides lesion contours of suspected regions, together with a score of 
suspicion between 0 and 100. The commercial CAD system is designed to show only 
CAD marks that exceed a score of 35 to the radiologist. In this study, however, we 
aimed to use the CAD system differently and to include only CAD marks with a much 
higher score of suspicion into the analysis. This CAD system would show only few 
very suspicious findings to the radiologist. In a previous observer study for the 
detection of lung cancer using the same CAD system, we found that no false positive 
marks were generated with a score of suspicion equal or higher than 80. Therefore in 
this study, we only analyzed CAD marks with a score of suspicion of 80 or higher, 
considering those to be significant CAD marks that should be shown to the radiologist.
Documentation of Characteristics of CAD Detected Regions
For each image area that was found to be very suspicious by the CAD system with a 
score of suspicion of 80 or higher (on a scale from 0-100) we determined underlying 
pathology. For that purpose we used additional information from the clinical patient 
records, such as histopathological proof, imaging (additional chest radiographs or 
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computed tomography), clinical records, and follow up of the patient up to 4 years. 
If the patient file did not give clear proof of the underlying pathology of the suspicious 
regions, an expert radiologist determined if the CAD mark identified a true lesion. 
 Based on the additional clinical information, the CAD marks in the radiographs 
were classified as located on an abnormal structure or a normal structure. CAD marks that 
were located on an abnormal structure were subdivided into three categories: CAD 
marks that indicated a tumorous lesion (tumor/metastasis/benign nodule), indicating 
an other significant finding (infiltrate, lymphadenopathy, pleural fluid) or pointing out 
a non-significant finding (rib fractures, pleural lesions, scarring or atelectasis). CAD 
marks that were located on normal structures were grouped into obvious false 
positive (FP) findings, if they were located on a foreign body or below the diaphragm, 
and into non-obvious FP findings if they were located on normal lung tissue, rib 
crossings, nipple shadows, or (hilar) vascular shadows (Figure 1). The radiological 
reports were checked to find out if the suspicious structures identified by the CAD 
system had been mentioned by the radiologists. If the suspicious area was not 
reported in the report, it was considered as missed.
Negative Predictive Value of CAD
Secondly, all chest radiographs that did not receive any CAD mark were analyzed. 
All radiographs of 2009 that did not yield any CAD result were included. Because of 
the large number of examinations we decided to analyze a representative subset and 
randomly selected 500 radiographs that did not contain any CAD mark for analysis. 
The radiological reports of these radiographs were checked to see if tumors were 
mentioned. Then for each patient, the electronic patient file was checked for additional 
information. If a patient did not undergo any additional chest imaging after the included 
radiograph and was still alive, we assumed that no tumor had been present in this 
image. If there was no additional imaging, but the patient died, clinical records were 
checked for cause of mortality, and checked for pulmonary causes. If there was 
additional imaging, these images and reports were checked for abnormalities. If there 
were one or more CXRs or thoracic CT scans more than 3 months after the included 
radiograph that did not reveal a tumor, the included radiograph was also considered 
as a non tumor case. We then calculated the negative predictive value (NPV) by 
dividing the number of true negative cases by the sum of the number of true negative 
and false negative cases. Since the negative predictive value is dependent on the 
prevalence we compared it with the negative predictive value of the radiological 
report. This was done by making a random selection of reports that concluded a 
“normal thorax” in the report. Also here we maximized the number of radiographs for 
analysis to a total of 500. The same criteria as above were used to determine if the 
images were true negative of false negative, to subsequently calculate the negative 
predictive value of the radiological report. 
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Results
Case Selection
A total of 212,658 CXRs were found between 2006 and 2010. We excluded 158,122 
cases, because the radiographs were obtained at the bedside or externally in a 
different hospital. Besides radiograph that were obtained within 3 months of the 
previous radiographs, and all images of patients younger than 40 years old were 
excluded. In total 54,536 cases met our inclusion criteria. Since we considered the 
amount of data too large to be analyzed by the CAD system, we choose to analyze 
the CXRs from one year only. A total of 11,109 CXR from 2009 were therefore used 
for this study. Selection of study images is displayed in Figure 2. An overview of the 
patient demographics is shown in Table 1.
Figure 1  Classification of CAD marks. This flowchart shows the categories that the CAD marks 
with a high score of suspicion were divided into.
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CAD Results
In total, 29,152 CAD marks were found in the 11,109 included cases, matching 2.6 
CAD marks / image. Of these 11,109 cases, 1381 cases did not contain a CAD mark 
at all, 2490 cases contained one mark, 2428 cases contained two marks, 1880 cases 
Figure 2  Flowchart of the case selection. From 212,658 chest radiographs acquired between 
2006 and 2010. The 11,109 chest radiographs from 2009 were used in this study.
All CXRs 2006-2010
n = 212,658
Eligible CXRs 2006-2010
n = 54,536
2006
n = 10,785
2007
n = 10,709
2008
n = 11,344
Excluded:
Bedside images
External images
n = 105,747  
Exclude prior exams of same patients
within 3 months of the CXR
n = 35,679  
Excluded CXRs of patients younger
than 40 years old
n = 16,696  
2009
n = 11,109
2010
n = 10,589
Table 1  Patient characteristics. This table shows age and sex distribution of included cases, 
cases that received at least one CAD mark, and cases that received a CAD mark with a high 
score of suspicion.  
All CXRs CXRs with  
a CAD mark
CXRs with a CAD mark with 
a high score of suspicion
Number 11109 9728 806
Number unique patients 9909 8640 710
Male:Female 5330:4455 5004:3636 441:365
Age 62.4 (±12.3) 62.5 (±12.4) 63.2 (±12.5)
Number of patients with an 
CXR in previous year
3120 (31.5%) 2829 (32.7%) 273 (38.5%)
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contained 3 marks, 1186 cases contained 4 marks, and 1744 cases contained 5 or 
more CAD marks. At the normal clinical threshold (all marks with a score of 35 or higher) 
15,926 CAD marks would be shown to the radiologist (1.4 marks / image). At our 
proposed threshold of CAD marks that received a score of suspicion of 80 or higher, 
only 806 CAD marks would be shown to the radiologist (Figure 3), matching an average 
of 0.07 CAD marks per image. The 806 CAD marks were 2.8% of all CAD marks.
Analysis of CAD Marks
In total 806 CAD marks with a high score of suspicion were analyzed for underlying 
pathology. In 68 cases (8.4%) the clinical patient record did not give clear proof of the 
underlying pathology and the underlying pathology was determined by an experienced 
radiologist. The radiologist determined that out of the 68 CAD marks with unclear under- 
lying pathology, 5 were considered as indicating tumors (2 with benign characteristics), 
8 were considered pointing to other significant findings, 7 were classified as non 
significant findings and 48 were classified as non obvious false positives. CAD marks 
that were considered as obvious false positives were not checked for underlying 
pathology information from the clinical patient records. 
 A minority of the 806 CAD marks were located on abnormalities (n=331). CAD 
identified 148 tumors, 97 other significant findings, and 86 non significant abnormal 
findings. Of the 806 CAD marks 475 could be classified as false positives, of which 
341 were rated as obvious false positives and 134 were considered to be non-obvious 
false positives. Detailed information of the structures highlighted by CAD can be 
found in Table 2.
Figure 3  Distribution of CAD score among the CAD marks. The bars in dark grey indicate the 
portion of CAD marks that received a high score of suspicion (≥80), and that were analyzed in 
this study.
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 Two tumors that were identified by CAD were not mentioned in the radiological 
report (Figure 4). Three other malignant lesions were not reported as a significant 
finding in the report (1 scarring, 1 infiltrate, 1 as old rib fracture). Two benign nodules were 
not mentioned in the report. Four other significant findings were also not reported 
(3 infiltrates, and 1 lymphadenopathy). All above abnormalities that were not mentioned in 
the radiological report, the underlying pathology was based on additional information 
from the patient records, and not determined by the experienced radiologist alone.
Negative Predictive Value of CAD
In total 1381 images did not receive any CAD mark, compared with 1018 radiographs 
that were rated normal based on the radiological report. From both, the CAD identified 
normal radiographs and normal radiographs based on the radiological report, a 
random sample of 500 cases was analyzed. Results of this analysis are shown in 
Table 3.
Table 2  Underlying pathology of the suspicious areas detected by CAD.  
number
Abnormal findings 331
Tumor
- Lung tumor
- Metastasis
- Benign
148
54
65
29
Other significant
- Infiltrate
- Lymphadenopathy
- Pleural fluid
- Other
97
81
4
10
2
Non significant
- Abnormal rib structures
- Pleural lesions
- Other
86
33
34
19
Normal findings 475
Obvious
- Foreign bodies
- Diaphragm
- Other
341
287
48
6
Non-obvious
- Hilar vascular shadow
- Rib crossing
- Retrocardiac
- Nipple shadow
- Normal vascular structure
134
54
35
18
17
10
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Figure 4  Two cases with a tumor that was not reported by the radiologist, but detected by 
CAD. Top: 90 year old male with a 22 mm malignant lesion in the left lung. Bottom: 77 year old 
male with a 10 mm metastasis of a sigmoidcarcinoma.
Table 3  Comparison of cases that were called negative by the radiologist and the CAD system. 
Called negative  
by CAD
Called negative  
by radiologist
Total 1381 1018
Unique patients 1339 980
Average age 60.7 (±11.8) 54.1 (±9.5)
Male:Female 406:933 491:489
Number analyzed 500 500
True negative 492 495
False negative 8 (4 visible) 5 (4 visible)
Negative predictive value 98.4% 99%
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 Eight cases were falsely reported negative by CAD. Four of these cases were 
considered obviously visible cancers (Figure 5). All of them had been reported by the 
radiologist in the radiological report. One was a very large tumor (over 15 cm), one 
was a pleural tumor with cavitation, and two were tumors in the aortic pulmonary 
window. For the remaining 4 cases a tumor was seen on CT, but was invisible on the 
radiograph.
 In the 500 analyzed cases that were called normal by the radiologists, five tumors 
were found. Four of these were considered visible in the images with knowledge of 
the CT. All of them were subtle lesions.
 The negative predictive value of the CAD system was 98.4%, which was comparable 
with the negative predictive value of 99% of the radiological report.
Figure 5  These four radiographs show cancers in cases that did not receive any mark by the 
CAD system. Cases that were idenitified as “normal” by the CAD system can therefore not be 
excluded by the CAD system. The four cancers, a very large tumor (upper left), a pleural tumor 
(upper right), and two cancers located in the aorticpulmonary window (lower images), were 
reported by the radiologist.
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Discussion
In this study we retrospectively analyzed CAD marks with a high score of suspicion 
generated by commercial CAD system on a large clinical data set of 11.109 chest 
radiographs. Of the 806 analyzed CAD marks with a high score of suspicion, 2 CAD 
marks identified tumors that were not reported by the radiologist, and another 3 CAD 
marks pointed to tumors that were interpreted as another abnormality than a tumor 
by the radiologist in the report. Secondly, we analyzed cases that did not receive any 
CAD mark. We found a high negative predictive value for the presence of lung cancer 
when the CAD system doesn’t produce a CAD mark at all. This NPV was comparable 
to the NPV of radiologists that reported cases normal.
 In clinical practice the CAD system could be used to reduce overlooked lesions, 
by only reviewing CAD marks that were identified as very suspicious by the CAD 
system. In our study group of 11.109 cases, only 806 CAD marks with a high score of 
suspicion (7.3 percent of all cases) would have to be reviewed by the radiologist, still 
providing the opportunity to pick up missed lung cancers. 
 The number of CAD marks actually to be reviewed could be further lowered if the 
system would be used in an intelligent manner. We propose that the CAD system 
should only become active (e.g. by a blinking light) in chest radiographs that have 
been reported normal or non-significant by the radiologist but yielded a high 
suspicious (≥ 80) CAD mark. Applying this, in our study group the radiologists would 
have to assess only 663 CAD marks each year (6.0% of all cases), with the potential 
to find five additional cancers and four other significant abnormalities (Figure 6).
 By only reviewing CAD marks with a CAD score of 80 or higher, the risk of 
accepting a false positive CAD mark is considerably decreased, reducing the risk of 
unnecessary work up examinations. It has to be mentioned that in our study group 
still a substantial amount of CAD marks with a high score of suspicion were classified 
as false positive (n=475). The vast majority of these CAD marks were obvious false 
positives (n=341), which could be easily and quickly discarded by the radiologist. 
These obvious false positives could also be easily excluded by a new version of the 
CAD system, further lowering the number of CAD marks that would have to be 
reviewed to 322 in total (2.9% percent of all cases). Considering that only 134 of these 
CAD marks were classified as false positives in 11,109 chest radiographs, the number 
of false positives per image on this data set was very low.
 We only analyzed CAD marks that received a score of suspicion of 80 or higher 
by the CAD system. This threshold was based on our experience with the CAD system 
in a previous study for the detection of lung cancer3. Lowering the threshold and 
analyzing CAD marks with a lower score of suspicion would improve the detection of 
missed lesions, but at the expense of a substantial increase of false positive CAD 
marks. Thus this threshold is crucial for the absolute number of CAD marks that has 
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to be reviewed by the radiologist and the chance to detect lesions that originally were 
missed. The optimal threshold is dependent on the population, disease prevalence, 
the total number of radiographs to be reviewed and last not least the reading skills of 
the radiologist.  
 To find 2 additional cancers in a set of 11,000 cases may seem very little. On the 
other hand, it has to be considered that this additional information comes with minor 
additional effort: In our case set, every one in 161 (5 of 806) CAD marks was a missed 
malignant lesion. As discussed earlier, if the software would be upgraded in a way 
that those most-obvious false lesions would be eliminated and radiologists do not 
have to secondary review examinations that they already reported with a tumor, every 
1 in 64 CAD marks would represent a missed malignant lesion. This compares 
favorably with the use of CAD in breast cancer screening with mammography, where 
radiologists encounter around 400 false positive CAD marks, before seeing one true 
positive CAD mark6. Thus, although application of CAD as proposed in this article will 
not help the radiologist to detect all cancers, it has the potential to help the radiologist 
to detect lesions that originally were missed, and the odds to pick up lung cancers 
are higher than for example in mammography screening.
 When interpreting these results it has to be noted that the cases were derived 
from an academic hospital. In this hospital most chest radiographs are double read 
(resident and radiologist). Therefore the number of missed lesions is likely to be lower 
than in hospitals where chest radiographs are single read, as proven by several studies 
for the detection of breast and lung cancer7,8. The benefit of CAD may therefore be 
even larger in a less well controlled environment than demonstrated in this study.  
Figure 6  Algorithm for use of the CAD system.  Only CAD marks with a high score of suspicion 
have to be reviewed by the radiologist. Cases that already are reported to contain a significant 
nodule, do not have to be secondly reviewed by the CAD system. According to our study with 
11,109 chest radiographs, only 663 CAD marks have to be reviewed by the radiologists, with the 
potential to find 5 more tumors, and 4 other significant abnormalities.
11.109 CXR 
Already
marked as
tumor 143 
CAD:
806 suspicious
marks 
Marked non
tumor 663 
Evaluation of
CAD marks
Potential gain:
5 cancers
4 other
significant
abnormalities 
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 Besides alerting the radiologist to very suspicious areas in a radiograph, the 
CAD system could also be used to reassure the radiologist that a case is negative. 
The negative predictive value of the CAD system in our study was 98.4%. Disappointing 
is the fact that in the cases without a CAD mark still eight cancer cases were present. 
Absence of a CAD mark can therefore not be used to exclude normal cases, without 
visual control by the radiologist at all. However, four of the eight cancers were found 
to be invisible on the chest radiographs. The other four lung cancers not indicated by 
CAD were rather obvious, and therefore had been picked up by the radiologist himself. 
In that respect, the rate of 4 missed and visible cancers in a case set of 500 without 
a CAD mark, is similar to the rate of missed cancers in cases that were called normal 
by the radiologist. The fundamental difference however, is that the missed cancers by 
the radiologists were very subtle compared with the missed cancers by CAD. Another 
thing to bear in mind is that the CAD system is not trained to detect normal cases, but 
to detect cancer cases. A system dedicated to detect normal cases may perform 
superior to the CAD system we used in this study.
 Our study has some limitations. First of all, the CAD system we used is not designed 
to be used as selection tool for highly suspicious cases. A system that would be 
specifically trained at a high specificity has the potential to improve outcome. However, 
this study reflects the possibilities with a currently available commercial CAD system. 
A prospective assessment of chest radiographs with this CAD system would be 
needed, to evaluate the added value in clinical practice. Furthermore, we believe that 
discrimination between TP and FP marks that are indicated to be very suspicious 
by the CAD system is more straightforward than in CAD marks of lower suspicion. 
However, also in our scenario, acceptance of FP CAD marks is possible, and would 
result in unnecessary follow up of patients.
 In conclusion, the CAD system that produced only 806 CAD marks in 11,109 
chest radiographs, detected 2 cancers that were not reported, and 3 cancers that 
were noted, but not reported as significant findings. The system could be used in 
clinical practice reducing the number of CAD marks that have to be reviewed 
substantially compared with the traditional CAD system that would be used as second 
reader. Thus with minor interference with the workflow and very little additional effort for 
the radiologist, the CAD system has the potential to reduce oversight errors of lung 
malignancies on chest radiographs. 
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Abstract
Observer studies to assess new image processing devices or computer aided 
diagnosis techniques are often performed, but little is known about the effect of the 
study design on observer performance results. In this paper we investigated the 
effect of the sequential and independent reading design on observer study results 
with respect to reader performance and their statistical power. For this we performed 
an observer study for the detection of lung nodules with bone suppressed images 
(BSI) compared to original chest radiographs. In a fully crossed observer study eight 
observers assessed a series of 300 radiographs four times, including one assessment 
of the original radiograph with sequentially BSI and two independent reading sessions 
with BSI. Observer performance was compared using multi-reader-multi-case 
receiver operating characteristics (ROC). No significant difference between the effect 
of BSI in the sequential and the independent reading sessions could be found 
(p=0.09; p=0.46). Compared to the original radiographs, increased performance 
with BSI was significant in the sequential and one of the independent reading 
sessions (p<0.0001; p=0.0007), and non significant in the other independent reading 
session (p=0.10). A strong increase of uncorrelated variance components was found 
in the independent reading sessions, masking the ability to demonstrate differences 
in observer performance across modalities. Therefore, the sequential reading design 
is the preferred design because it less burdensome and has more statistical power.
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Introduction
Observer studies are often used to compare two modalities, or to determine the 
effect of a reading aid such as an image processing device or a computer aided 
diagnosis (CAD) technique. The two evaluations, of the new and current modality, in 
an observer study are often referred to as reading mode 1 and reading mode 2. The 
two most frequently used observer study designs are the sequential reading design 
and the independent reading design. In a sequential reading design reading mode 2 
is evaluated immediately after (sequentially) reading mode 1. Thus, the reader 
provides two assessments for each case before moving on to the next case. In an 
independent reading design the evaluation of the two reading modes take place in 
two separate reading sessions at different time points. Both designs potentially suffer 
from bias.
In a sequential reading design observers’ vigilance may affect detection performance. 
Readers might increase their performance in the unaided modality, trying to compete 
with the aided modality (for instance with CAD). On the other hand, they might 
decrease their performance in the unaided mode, knowing that they have a second 
chance to provide a correct assessment with the aided modality. Also it is often 
questioned if the inevitably prolonged reading time per case in a sequential design 
improves the reader performance (i.e. one unaided interpretation followed by an 
aided interpretation).
As mentioned above, an independent reading study involves two separate reading 
sessions at different time points. Therefore, readers may recall cases from the first 
evaluation, which could influence performance of the second evaluation. Randomization, 
counterbalancing, and a certain time interval between reading sessions are used to 
reduce this memory effect1. The minimally required extent of the time lag between 
two reading sessions is still unknown.
Reader variability is another important factor that should be dealt with in a study design2,3. 
Not only there exist a wide variability between observers (inter-reader variability), but 
also within observers (intra-reader variability). Major factors contributing to inter 
reader variability are experience, visual skill, fatigue, motivation, and the fact that 
some readers are more aggressive than others in their decisions4,5. ROC analysis 
takes the effect of variable decision thresholds into account by calculating the 
sensitivity at various levels of specificity6. To account for inter-reader variability 
because of other factors, multi reader multiple case (MRMC) studies should be 
performed7. With the fully crossed MRMC design, where every reader reads every 
case in each modality, variability in the study can be measured and this information 
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can be used to extrapolate the results to a wide range of readers and other case 
samples. Dedicated software, which accounts for the variability of readers, variability 
of cases, and the correlation of reader scores within and across the modalities, 
should therefore be used for analysis.
 An important drawback of an independent reading design is that it is more prone 
to intra reader variability, because readers may judge a case very different when it is 
presented for a second time in a new session. A sequential reading design does not 
have this drawback, because it builds in a correlation between the unaided and the 
aided scores.
 
Observer studies are often performed, but only few studies have investigated the 
effect of study design on reader performance8,9. Normally, either the sequential or the 
independent design is chosen. Only few studies incorporated both designs. These 
could not demonstrate a difference in effect size between a sequential design and an 
independent design10,11. Therefore some papers in the literature are favoring a 
sequential reading study design over an independent design7,8. Because of its 
efficiency sequential studies are much less time-consuming and easier to conduct. 
However, evidence that both study designs lead to the same outcomes is still weak. 
Therefore, the purpose of this study was to provide more experimental data to 
compare both study designs.
We conducted an observer study which included multiple reading modes to assess 
the effect of bone suppressed images (BSI) on the detection of lung nodules in chest 
radiographs. The study consisted of a fully crossed design with a sequential and an 
independent reading design. In addition, after five months, all readers assessed the 
same cases in a third reading session that consisted of an initial assessment of CXRs 
supplemented by BSI, sequentially followed by an assessment with availability of 
CAD marks. Thus in total we were able to compare three evaluations of CXR with the 
availability of BSI to an unaided reading. All the reading sessions involved the same 
readers, the same cases, and were obtained under the same reviewing conditions. 
Using the reading data of these multiple assessments that applied both, sequential 
and independent reading design, in a counterbalanced and unbalanced way, we 
determined the influence of study design on the measured effect of BSI and statistical 
power.
163
INFLUENCE OF STUDY DESIGN IN ROC STUDIES
Methods
The observer studies involved 8 observers of varying experience. The study data 
consisted of 111 chest radiographs with a solitary nodule and 189 controls. For both 
diseased and control cases CT provided the reference standard regarding the 
presence of nodules. The observer studies included one sequential reading design, 
and two independent reading designs. Data from the reading study with the sequential 
reading design have been previously published12. In this paper we compare the 
previously reported results with two new independent readings of the same set of 
cases by the same readers. This study uses non-parametric ROC analysis as opposed 
to previously reported results, since we use different software for analysis which does 
not allow for parametric analysis of the data.
Data
Three hundred cases were selected from four hospitals in The Netherlands. All images 
were obtained for clinical purposes. Posteroanterior (PA) and lateral radiographs of 
patients with a solitary nodule whose presence was confirmed by a thoracic CT scan 
within 3 months time of the chest radiograph were included in the study. One hundred 
eleven chest radiographs contained a single nodule; the other 189 radiographs 
functioned as controls. The conspicuity of the nodule on the PA radiograph was 
scored by an expert radiologist (>15 years of experience) and a clinical researcher in 
consensus. Nodules needed to be visible on the PA radiographs (with knowledge of 
the CT). The size of the nodules ranged from 5 to 35 mm. Patients with multiple 
nodules, too obvious nodule or signs of other diseases than chronic pulmonary 
obstructive disease (COPD) were excluded. Radiographs of patients over 40 years 
old with a normal thoracic CT scan within 6 months of the radiographs were used as 
controls. The total study group consisted of 300 cases.
Software
Bone suppressed images were generated using ClearRead BSI 2.4 (Riverain Technologies, 
Miamisburg, Ohio). This processing tool produces bone suppressed images that are 
identical in size and similar in gradation characteristics as the original chest radiograph. 
No special hardware or additional dose is needed to create the bone suppressed 
images. The software has U.S. Food and Drug Administration (FDA) approval.
Study Design
Five radiologists and three residents, from two institutions, participated in the 
observer study. The first part of the observer study included a sequential reading 
mode: observers scored the original radiograph (unaided mode), immediately 
followed by a second scoring with the availability of BSI (sequential mode). Secondly, 
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the same readers evaluated the same 300 cases, but now with BSI available from the 
beginning, providing a single score (independent mode 1). These two reading modes 
were balanced, meaning that all the observers evaluated in one session half of the 
cases in sequential mode and half of the cases in independent mode. After a 
minimum of one week they reviewed, in a second reading session, the other half of 
the cases. 
 Five months later the same observers assessed the same cases again, scoring 
CXR with BSI independently (independent mode 2), followed by an evaluation with 
computer aided detection marks (results of the latter will not be used in this paper). 
Thus the complete study provided us with three assessments of the cases with use 
of BSI and one unaided assessment using CXR alone (Figure 1). 
 Observers were able to mark and score suspicious regions in the CXR using a 
continuous scale from 0 to 100. Scores of suspiciousness and localization were 
recorded digitally. Before evaluating the cases, a training set of 40 cases was 
provided to get familiar with the review station, reading modes and the BSI. During 
training, observers received instant feedback from the researcher. None of the 
observers had previous experience with BSI. In between the reading sessions none 
of the observers received feedback, nor did they use BSI outside of the study or did 
they have insight into any study results.
 Readings were carried out using a 30 inch 4K DICOM-calibrated LCD monitor 
(Flexscan SX3031W; Eizo, Ishikawa, Japan) in a darkened room, mimicking clinical 
reading conditions. The screen was large enough to review both the PA and lateral 
radiograph side-by-side. For display we used an in house developed workstation. 
Processing tools were available, including zoom in/out, adjustment of window and 
level settings, and grey scale inversion. These tools could be applied without 
restriction. The BSI was projected behind the original PA radiograph on the same 
monitor. The readers could toggle between the original and the BSI using a key on 
the keyboard to easily review corresponding areas.  
Statistical Analysis
MRMC ROC Analysis
Multi Reader Multi Case ROC analysis was used for statistical analysis. For analysis 
we used the iMRMC software package (code.google.com/p/imrmrc/ ;version 2.0b), 
which is developed at the FDA13,14. The software uses a nonparametric method to 
estimate the area under the ROC curve (AUC) and calculate p-values15. Observer 
performance was measured by the area under the ROC curve for the readings 
without and with BSI. Significance of differences between reading without and with 
BSI was defined at p <0.05. The results of the MRMC analysis method are not limited 
to a single reader or single case set, but are generalizable to a population of readers 
and a population of cases.
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 Variance in the study can be decomposed into different variance components. 
We chose to use variance components calculated by the Dorfman-Berbaum-Metz 
(DBM) method16, since this method is the most widely used and available in several 
publicly available software packages. The DBM method distinguishes six variance 
components. Three of these components are not dependent on the modality and 
are called correlated components. These three include a pure case component (C), 
a pure reader component (R), and a reader-by-case component (RC). The other 
three variance components depend on the modality and are called uncorrelated 
components. These include a modality-by-case component (MC), modality-by-reader 
component (MR), and a modality-by-reader-by-case component (MRC).
Reading Time Evaluation
Reading times per case were digitally recorded, counting from start of evaluation of 
the case until the saving of the scores. Median reading times were used for analysis 
of reading times per case, to filter out the effect of long reading, caused by interruptions 
of the reading session. Two minutes without any mouse movement was considered 
Figure 1  reading modes. The chest radiographs were scored four times by the observers. 
The first observer study is a sequential design where the radiographs were scored without BSI 
and with BSI within one reading session. Further there were two independent scorings with BSI; 
one that was balanced with the sequential reading design (BSI independent 1), and one after 
a 5 month-period (BSI independent 2).
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as idle time, and removed from analysis of reading times. Also total reading time of 
the study was calculated, by multiplying the mean reading time per case with the total 
amount of cases.
Agreement
To quantify the correlation of the scores of the different study designs we calculated 
the intraclass correlations (ICC) between the readings without BSI and with BSI, per 
observer and for the group of all eight observers. The intraclass correlation reflects 
the agreement between two measurements on a (semi) continuous scale. In our 
study, a perfect correlation (ICC = 1) would mean that the same scores per case 
were given for the unaided reading and the reading with BSI. To further explore the 
source of variability in measurements we also calculated the ICCs for the normal and 
abnormal cases separately. SPSS software (version 20) was used for calculation of 
ICCs, using a two-way random model. Besides calculating the correlation between 
the scores without and with BSI within the same observer, we also calculated the 
correlation between different observers for the different reading sessions (inter 
observer agreement).
Selection of study images and study setup was waived by the institutional review board.
Results
Observer Performance
Average area under the curve for the eight observers for the unaided reading was 
0.827. With BSI, AUCs increased to 0.868 (p<0.0001) and 0.847 (p=0.10), for the 
sequential reading and independent reading respectively. The average AUC for the 
independent reading session after five months was 0.862 (p=0.0007) (Table 1). No 
significant differences were seen between the sequential and independent readings 
with BSI (p=0.09 and p=0.46), nor between the two independent readings with BSI 
(p=0.12).
 With sequential reading all eight observers increased their performance. With the 
first independent reading, five of the eight observers increased their performance, 
compared to the unaided reading. In second independent reading session after 5 months 
again all eight observers performed better compared to the unaided reading.
Reading Times
Sequential reading lengthened the median reading time per case by 12 seconds 
from 22 to 34 seconds. Reading time of independent reading with BSI compared to 
unaided reading was virtually the same with 23 seconds. In the independent reading 
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session after five months, reading time remained similar with 21 seconds per case. 
Individual reading times are displayed in Table 2.
 Total reading time of the cases was on average 129 minutes (range 71 – 233) for 
the unaided reading session, with an extra of 63 minutes for the sequential BSI 
reading, resulting in a total of 192 minutes for the sequential reading design. The 
independent reading sessions took on average 146 and 128 minutes, respectively. 
The total reading time of the independent reading designs, therefore, accumulated to 
275 and 257 minutes, respectively.
Analysis of Variance
Comparing all reading sessions with BSI to the unaided reading, ANOVA showed 
similar total variances for the different reading designs; 169×10-3 for the sequential 
reading design, and 180×10-3 and 172×10-3 for the two independent reading designs. 
The effect size for sequential reading was 0.041, these values were 0.020 and 0.035 
for the independent readings. We found a shift from correlated to uncorrelated 
components in the independent reading designs, compared to the sequential reading 
design. Correlated components in the sequential reading were 135×10-3 against 
92×10-3 and 88×10-3 in the independent readings. Uncorrelated components 
increased from 34×10-3 in the sequential reading to 88×10-3 and 84×10-3 in the 
independent readings. Mainly the reader-case (RC) component and the modality- 
reader-case MRC component contributed to this shift. All variance components are 
displayed in Table 3.
Table 1  The average area under the ROC curve in different readings (unaided; sequential; 
independent 1; independent 2).  
unaided BSI  
sequential
BSI  
independent 1
BSI  
independent 2
observer 1 0.794 0.848 0.836 0.826
observer 2 0.850 0.881 0.851 0.871
observer 3 0.884 0.902 0.871 0.898
observer 4 0.764 0.824 0.830 0.821
observer 5 0.839 0.900 0.837 0.877
observer 6 0.847 0.900 0.841 0.892
observer 7 0.792 0.811 0.841 0.853
observer 8 0.844 0.880 0.869 0.858
Average (SD) 0.827(0.039) 0.868(0.036) 0.847(0.015) 0.862(0.028)
p <0.0001 0.10 0.0007
P values were calculated with the DBM method; readings with BSI were compared with the unaided reading. 
SD = standard deviation.
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Agreement
ICC for the sequential reading design was 0.896. The ICCs for the independent 
reading designs were 0.719 and 0.715, respectively (Table 4). The independent 
readings mutually showed as much correlation as the independent reading with the 
unaided reading with an ICC of 0.717. The ICC for only normal cases was 0.779 for the 
sequential reading mode, and 0.338 and 0.320 for the two independent reading 
Table 2  Median reading times per case in seconds. Reading times of BSI sequential mode 
include the reading times of the unaided reading.  
unaided BSI  
sequential
BSI  
independent 1
BSI 
independent 2
observer 1 15 26 15 17
observer 2 25 44 27 24
observer 3 21 31 24 13
observer 4 12 19 12 11
observer 5 14 25 15 23
observer 6 27 50 25 31
observer 7 42 53 47 27
observer 8 21 27 16 20
average 22 34 23 21
Table 3  Variance components.  
Variance Component Sequential
(×10-3) 
Independent 1 
(×10-3) 
Independent 2 
(×10-3)   
C 68 73 68 
R 1.0 0.4 0.9 
RC 66 19 19 
correlated 135 92 88 
MC 4.9 0.8 7.0 
MR 0.04 0.15 -0.09 
MRC 29 87 77
uncorrelated 34 88 84 
C = case component; R = reader component; RC = reader-by-case component; MC = modality-by-case 
component; MR = modality-by-reader component; MRC = modality-by-reader-by-case component, including 
residual error. Unbiased variance components were generated, which can be negative
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modes. For abnormal cases ICC was 0.871 for the sequential reading mode and 
0.658 and 0.643 for the independent reading modes.
ICC between readers was 0.633 for unaided reading. The inter reader variability 
remained virtually the same for all the readings with BSI with ICCs of 0.631, 0.632 and 
0.666, for the sequential reading and the two independent readings, respectively.
Discussion
Results of our study confirm that BSI consistently improves lung nodule detection 
performance of radiologists in both the independent and the sequential reading 
design. We found a significantly increased detection performance with aid of BSI in 
the sequential reading mode and in one of the independent reading modes. In the 
other independent mode also an increase in AUC was found, but in that case the 
difference with the unaided reading was not statistically significant. 
A potential bias that could be introduced by the sequential design is the lengthening of 
the reading time per case. In our unaided reading radiologists reviewed a radiograph 
 for 22s on average, which was prolonged by another 12s per case in the sequential 
reading design. It is therefore conceivable, that readers may have reported more 
abnormalities with BSI, not as an effect of BSI, but as an effect of lengthened 
interpretation of the image. However, other studies reported more false positive 
decisions with increasing reading time17,18, and we did not find a significant 
Table 4  Intraclass correlation per observer for each study design. The overall intra class correlation 
is the intra class correlation for all observers together.  
BSI  
sequential design
BSI  
independent design 1
BSI  
independent design 2
observer 1 0.918 0.722 0.665
observer 2 0.900 0.728 0.767
observer 3 0.980 0.784 0.790
observer 4 0.882 0.629 0.608
observer 5 0.862 0.732 0.726
observer 6 0.770 0.617 0.623
observer 7 0.962 0.767 0.750
observer 8 0.930 0.741 0.807
overall 0.896 0.719 0.715
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performance difference, when comparing the results of the independent and the 
sequential design, indicating that the prolonged reading time in the sequential design 
did not affect the observer performance. This agrees with similar findings of a previous 
study that could not show performance differences for the detection performance of 
pulmonary nodules by limiting the reading time19.
Although the reading time per case lengthens with the sequential design, the total 
reading time of sequential reading is shorter than of an independent reading design. 
In our study the total reading time for the sequential reading design was on average 
192 minutes compared to an average of 266 minutes for the independent reading 
design. The cause of longer total reading time for an independent reading design lies 
in the need for two distinct reading sessions.
Another effect that potentially influences observer study performance results is the 
learning effect. In our study, because of repetitive use of BSI, it is likely that observers 
learned over time how to use the technique more optimally, and therefore gradually 
improved performance. The steepness of the learning curve is different for each task, 
and unknown for BSI. Since performance was similar for the reading session after 
5 months, it is unlikely that a learning effect has played a role in our study. It has to be 
noted that we have tried to minimize the learning by not providing feedback between 
the reading sessions. The observers also did not use the BSI software in clinical 
practice.
An important drawback in an independent reading design is its susceptibility for 
reader variability. When radiologists read the same data at two different time points, 
almost certainly different findings will be reported. This assumption is indeed 
confirmed by the data of our study (figure 2). This variability is not only seen between 
observers (inter-reader variability), but also within the same observer (intra-reader 
variability). In our study there were 14 cases where one observer had marked a 
suspicious lesion with a score of 100 with use of BSI, while overlooking the same 
lesion in another reading with BSI (Figure 3). ICCs demonstrated a smaller correlation 
of scores comparing the independent reading scores to the unaided scores. 
Interestingly, normal cases seem to contribute more to reader variation than abnormal 
cases. Even though the variation of scores in an independent design is quite large, 
also between the two independent readings, overall performance remained roughly 
the same. We found no significant performance difference between the independent 
readings and the sequential reading (p=0.09; p=0.46). Our results are in agreement 
with previously published findings that compared independent reading with sequential 
reading results. None of those studies could demonstrate a significant difference in 
effect size found in different study designs8-11.
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Even though performance might not be significantly affected, statistical power is 
influenced by the variability of the readers. In MRMC ROC studies ANOVA analysis is 
used to estimate the variance of the study. Decomposing the variance into DBM 
variance components, it is noteworthy that the total reader variability for the different 
study designs remained roughly the same. This has also been described in a study 
by Beiden et al. Although total variability remained the same, we found an increase in 
correlated components for the sequential reading, and an increase in uncorrelated 
components for the independent readings. Because of the increase in uncorrelated 
components for the independent reading, the uncertainty of the measurements 
increased, resulting in a loss of statistical power.
Finally, one other factor that could bias results in a sequential reading design is 
reader vigilance. Our study was not designed to assess whether reader vigilance 
indeed influences reader performance. To investigate the effect of reader vigilance, 
the study would need to include an unaided reading in a sequential mode and an 
unaided reading in an independent mode. Another option could be to randomly show 
a sequential aided reading or not. That way the observer would not know prospectively 
whether the assessment would be followed by a sequential assessment. Two 
previous studies which incorporated an unaided reading in a sequential and an 
independent reading design showed similar effect sizes10,20. This suggests that 
potential bias due to reader vigilance can be ignored.
Figure 2  63 year old male with a 30 mm non small cell carcinoma in the right upper lobe. 
A large variation between the observers and within observers was seen. Without BSI (upper) 
none of the observers called the nodule suspicious with a score above 50. With BSI (lower) five 
of the eight observers noted the nodule suspicious with a score above 50, in the sequential 
reading. In the two independent reading sessions two and seven observers noted the nodule 
suspicious with a score above 50. Only 2 observers noted the nodule in all three readings with BSI.
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Figure 3  These three charts show the correlation between the observer scores of the unaided 
reading with the scores of the readings with BSI. On the horizontal axis the scores of the unaided 
reading are displayed (0-100). These scores are compared to the scores with BSI in the three 
study designs (one sequential scoring (A), two independent scorings (B and C)). For the 
sequential design a clear correlation between the scores without and with BSI can be observed.
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In summary, we have shown that effect size measured in a study evaluating the 
detection of lung nodules is not influenced by the sequential or the independent 
design. In a second unbalanced independent reading session after five months, 
results were still comparable. Although an independent reading design is less 
susceptible to bias due to prolonged reading time and reader vigilance, up to now no 
significant bias could be demonstrated for a sequential design. The benefit of 
reduced intra-reader variability leads to a preference for the sequential reading study 
design. Further on, the sequential study design is more practical because readers do 
not have to be invited twice, and it requires less evaluation time. Both designs showed 
similar effect sizes, with the advantage of higher statistical power for the sequential 
design.
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SUMMARY AND DISCUSSION
Summary
Chest radiography (CXR) is the most commonly used radiological exam, with over 
120 million acquisitions in the United States of America each year1. CXR is being used 
to rule out cardiopulmonary disease, to study the effect of treatment, and to follow-up 
patients. Besides, CXR also represents an important tool for the diagnosis of lung 
cancer. Early detection of lung cancer is crucial for survival and thus absolutely 
desirable2. The more inadmissible it seems that around 20% of lung cancers are being 
missed in chest radiography3, though retrospectively visible and thus detectable. 
These errors can result in delayed diagnosis and an overall increased mortality due 
to more advanced disease stages at the time of diagnosis. Moreover, errors in 
diagnosis, related to lung cancer, are among the most common causes of medical 
malpractice suits against radiologists4. Lung cancer in chest radiographs can be 
missed for multiple reasons including low image quality, lesion characteristics such 
as size and conspicuity5-7, overprojection of multiple anatomical structures (e.g. 
bones)8,9, the presence of accompanying abnormalities (satisfaction of search)5, and 
last but not least the radiologists’ experience and human perception.
 Overprojection of anatomical structures, especially bones, in chest radiographs 
have shown to be one of the major contributors to missed lung cancer. Therefore a 
software product has been developed to digitally suppress bones in the image, 
without changing the underlying lung fields in the radiograph. The idea is to increase 
the visibility of lesions that are obscured by bones, and to generate an image with 
less “anatomic noise”10, meaning without projection of ribs and clavicles over the lung 
fields. These bone suppressed images can be generated from every frontal radiograph, 
without the need for special hardware or extra dose for the patient.
In the first chapters of this thesis we tested the effect of bone suppressed images 
(BSI), a commercially available software product developed by Riverain Technologies, 
on the detection of focal abnormalities and more diffusely spread abnormalities in 
chest radiographs. Chapter 2 focused on the detection of lung nodules using bone 
suppressed images. Three hundred chest radiographs were evaluated by eight 
radiologists. One hundred eleven radiographs contained a single nodule with an 
average diameter of 16 mm (range 8-35). The presence and absence of nodules had 
been proved by CT. The nodule detection performance was measured with and 
without the availability of BSI. We found a significant increase in detection performance 
when BSI was used together with the original radiograph. Increase in performance 
was especially seen at a clinically relevant high specificity range (p=0.0007), and for 
moderately subtle and subtle cases. At a fixed high specificity, the sensitivity increased 
from 66% to 71%. Every observer performed better with the help of BSI.
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 In chapter 3 the task was extended to the detection of invasive pulmonary 
aspergillosis. This disease also presents with focal abnormalities and occurs in critically ill 
patients with high comorbidity. The study included both bedside and upright images. 
The lower image quality and the high comorbidity increased the difficulty of the 
search task. In total 220 lungs were reviewed by 7 observers, without and with BSI. 
We found an increase in sensitivity from 49% to 66% percent. Specificity decreased 
from 95% to 90%, but receiver operating characteristics (ROC) analysis showed a 
significant increase in detection performance (P=0.01). Only one observer decreased 
in performance when BSI was used.
 In chapter 4 we performed a study to test the effect of BSI on common chest 
abnormalities, both focal lesions and diffuse disease. Because only few radiographs 
in clinical practice contain focal abnormalities, specifically referring to lung nodules 
or aspergillus infections, the effect of BSI on other types of pulmonary abnormalities 
is important. Since bone suppressed images are developed with the idea to enable 
detection of focal lesions, we hypothesized that BSIs will not help in the detection of 
more diffuse abnormalities, but also will not negatively affect the detection of diffuse 
chest disease. In total, 261 PA and lateral chest radiographs were reviewed by six 
radiologists. The following cases were included in this study: 110 radiographs were 
normal, 66 contained small focal lesions, 33 contained large focal lesions, 49 had 
diffuse abnormalities and 29 showed signs of cardiac congestion. Radiographs 
could contain more than one type of disease at a time. We found that radiologists 
correctly reported significantly more small focal lesions with help of BSI (p=0.01). The 
detection of diffuse disease and cardiogenic congestion was not affected by the use 
of BSI (p=0.32; p=0.16). Unfortunately, radiologists reported more focal lesions in 
normal cases with BSI (p=0.04). The latter is likely to be partially related to the fact 
that radiologists had only used BSI under study conditions.
Besides bone suppressed images, also computer-aided detection (CAD) systems 
have been developed to reduce miss rates of lung nodules in chest radiographs. The 
CAD system can alert the radiologist by highlighting suspicious areas in the image. 
Previous studies have shown that CAD systems are able to detect lesions that were 
missed by radiologists11-13. CAD systems therefore have the potential to improve 
reader performance for the detection of lung cancer. For our studies we used the 
latest version of a commercially available CAD system by Riverain Technologies. 
 In chapter 5 we investigated the effect of computer aided detection when added 
to the application of BSI. With the same data set as used in chapter two, we performed 
an observer study with 8 radiologists for the detection of lung nodules in chest 
radiographs. First, the radiologists evaluated the original chest radiograph together 
with the BSI. After that, CAD marks were displayed and the observers could redefine 
their assessment. We found a significant additional value of CAD. Location based 
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ROC analysis showed a significant increase in area under the ROC curve (P=0.0001). 
However, still the majority of true positive CAD marks were discarded by the 
radiologists. Also with availability of BSI it is hard to discriminate between true positive 
(TP) and false positive (FP) CAD candidates.
 Therefore, we studied also different CAD applications. In chapter 6 we tested an 
interactive CAD approach and an independent combination of the CAD output and the 
findings reported by the observer. In the interactive approach, CAD marks remained 
hidden unless their location was queried by the radiologist. With the interactive CAD 
system the readers would not be confronted with CAD marks on locations that they do 
not find suspicious. This is indeed what we found: only 143 marks were clicked and 
reviewed on average, compared to 299 that are displayed with the normal commercial 
CAD system. However, we did not find an increase in detection performance (pAUC 
0.128 without CAD versus pAUC 0.128 with CAD). Although less false positive findings 
were reported by the radiologists, also less true lesions were detected, when the 
interactive CAD system was used. An independent combination of the radiologist with 
CAD, in which the scores of the reported findings by radiologist and the CAD output 
were combined by averaging to one joint interpretation, did show a significant increase 
in detection performance (pAUC 0.137; P=0.006). On average, 70 of the 85 lesions that 
were identified by the observers, were also found by CAD. The majority of the false 
positive findings by the observers, was not marked by the CAD system. 
 In chapter 7 we further explored the potential of the independent combination, 
and also included data from an observer study for the detection of breast cancer in 
mammography. In this chapter we compared the performance of a computerized 
combination of CAD and observer (independent combination with CAD) with single 
reading, traditional reading with CAD, and a simulated double reading (combination 
of two humans). In both modalities, mammography and chest radiography, 
independent combination of observer and CAD system was significantly better than 
single reading. In mammography the independent combination was superior to 
traditional reading with CAD, and similar to double reading by two human observers. 
In chest radiography, the overall performance of the combination with CAD was 
higher than traditional use of CAD, but did not yield a significant improvement. The 
computed combination of CAD and observer in chest radiography was not yet as 
good as a combination of two observers, although it reaches performances in the 
same range as two human observers. Furthermore, 23 of the 24 participating 
radiologists increased in performance when their interpretation was combined with 
CAD, and even the best observers increased with independent combination. In 
contrast, nine of the 24 radiologists decreased in performance in a double reading 
process, when combined with a weak observer. 
 In chapter 8 we discussed the value of a highly specific CAD system in clinical 
practice. Internally the CAD system computes a score of suspicion for each CAD 
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mark. When this score exceeds a certain threshold the mark may be shown to the 
radiologist. By changing this threshold, the sensitivity together with the specificity of 
the CAD system can be adjusted. We changed this threshold in order to achieve a 
high specificity, at the expense of a lower sensitivity. It has to be kept in mind that 
such CAD system will not detect all lesions, but may help to not overlook very 
suspicious abnormalities. To investigate the potential of such use of the CAD system, 
we retrospectively collected 11,109 cases from our hospital acquired in 2009. The 
CAD system processed all included radiographs, and CAD marks with a high score 
of suspicion (CAD score ≥80) were analyzed. 806 CAD marks of the 29,152 CAD 
marks found in the 11,109 radiographs received a score of suspicion of 80 or higher. 
Of these, 331 CAD marks were located on abnormalities. CAD identified 148 tumors, 
97 other significant findings, and 86 non significant abnormal findings. On the other 
hand, 475 CAD marks could be classified as false positives, of which 341 were 
considered obvious false positives and 134 were non-obvious false positives. In total 
2 tumors and 4 other significant findings detected by CAD had not been reported by 
the radiologist in the radiological report. Another 3 tumors that were detected by CAD 
had been reported as non significant findings by the radiologist. This analysis showed 
that use of a CAD system that only produces CAD marks with a high score of 
suspicion could reduce oversight errors, with only minimal effort needed by the 
radiologist to review few CAD marks per day. In this chapter we also investigated if 
chest radiographs that do not receive any CAD mark could be excluded from the 
reading process, or reassure the radiologists that a radiograph does not contain a 
lung tumor. However, in the 500 analyzed cases without a CAD mark, still eight lung 
tumors were present. Therefore the CAD system we investigated can’t be used, at the 
current stage, as a stand-alone system to exclude cases from a reading process. 
Four of these eight missed cancers by the CAD system, were not visible in the image. 
The other four represented lung cancers that were either very large or were situated 
in the aortapulmonary window or the pleural space. It might be acceptable that CAD 
misses such lesions, since these cancers were quite obvious and were all reported 
by the radiologist. However, the negative predictive value of the CAD system was very 
high, and therefore the CAD system might be useful in clinical practice to confirm that 
cases are negative.
 In this thesis, several observer studies were conducted. In observer studies it is 
important to choose an optimal design. In chapter 9 we explored the effect of 
different observer study designs on the reader performance, and their statistical 
power. We compared a sequential reading design with an independent reading 
design, using four observations of the same readers on the same cases. We could 
not find a significant bias for the sequential reading design. The sequential reading 
design is less burdensome, requires less reading time, and has more statistical 
power.
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General discussion
Advanced processing techniques in chest radiography have been developed to aid 
radiologist in the detection of abnormalities. In this thesis we demonstrated that advanced 
processing techniques can improve lung nodule detection in chest radiography. Both 
bone suppressed images and computer-aided detection improved detection of lung 
nodules on chest radiographs. BSI can be used for broader applications, especially 
enabling detection of focal abnormalities. Clinical use of CAD technology could be 
further optimized by using different reading strategies.
Bone Suppressed Images
Digital bone suppression is a relatively new technique that has been investigated in a 
few previous studies14-16. The largest observer study up to now showed an increased 
detection performance for lung nodules in chest radiographs when BSIs were used15. 
However, the analysis in this study did not show a convincing improvement at a 
clinically relevant high specificity. Also this study used only PA radiographs that 
mainly consisted of digitized screen-films, and therefore may have led to an under-
estimation of performance compared to primarily digital chest radiography. In our 
study, baseline performance for chest radiography was optimized by including cases 
with both digital PA and lateral chest radiographs. We were able to show a significant 
increase in detection performance for lung nodules at specificities higher than 80%. 
Also we found that especially nodules of moderate to subtle conspicuity were more 
easily picked up on BSIs.
 Instead of using digital bone suppression also dual energy subtraction radiography 
(DES) can be used to overcome problems of overprojection of bones in chest 
radiographs. In DES two images at different energy levels are acquired to create a 
bone image and a soft tissue image. The DES soft tissue image has shown to be 
helpful for the detection of lung nodules in chest radiographs16-22. However, also 
some studies failed to prove added value of the DES images, which was mainly 
caused by a loss in specificity23,24 accompanying an increased sensitivity. Only one 
study was published in which dual energy images were compared to digitally bone 
suppressed images16. In this study both techniques significantly improved the 
detection of lung nodules, with the largest detection performance for the reading with 
DES images. However, DES has some disadvantages. The greatest disadvantage of 
this dual energy subtraction technique is the need for special hardware to acquire the 
radiographs. Besides, the subtraction of two images that are acquired shortly after 
each other with possible motion, leads to artifacts, lowering the overall image quality. 
Also a slight increase in dose administered to the patient is introduced. Because of 
these disadvantages, DES never achieved widespread clinical application.
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Up to date, most studies evaluated only the effect of BSI on lung nodule detection. 
Since the prevalence of lung nodules in clinical practice is low25-27, it is important to 
investigate the effect of BSI on cases without lung nodules. In this thesis we have 
shown that also invasive aspergillosis in critically ill patients are identified better when 
bone suppressed images are used. One previous study also showed improved 
detection of focal pneumonia with BSI28. In our study, the wide range of image quality 
and high comorbidity in these patients made the search of aspergillosis very 
challenging. The fact that digital bone suppression can be applied on bedside 
images is a major advantage over dual energy subtraction radiography. 
 Further, we showed that BSI does not have a detrimental effect on detection and 
characterization of more diffusely distributed chest disease. Although BSI improves 
the detection of focal lesions it also invokes some false positives in normal cases. If 
human readers receive proper training and gain experience with the software, this 
problem may well be overcome. The bone suppressed images are supposed to be 
used in conjunction with the original radiographs, and therefore abnormalities seen 
on the BSI should always be verified with the original radiograph. Also the algorithm 
for the suppression of bone structures in chest radiographs is still being improved, 
and therefore next generations of digital bone suppression software are likely to 
produce fewer artifacts and its use could further increase reader’ performance. 
 Although BSI helps in discriminating non-lesions from suspicious lung lesions in 
observer studies, it still is difficult to extrapolate these results to clinical practice. The 
effect in clinical practice is unknown. It has been assumed that the effect of adding 
advanced processing techniques in clinical practice is larger. Radiologists might 
overlook more lesions in a general chest exam evaluation, whereas in observer 
studies the radiologists are especially instructed to focus on the detection of focal 
lesions. The portion of oversight errors might also be larger in clinical practice since 
the prevalence of lung nodules is much lower than under study conditions29. Thus, 
the improvement that we measured in our observer studies may underestimate the 
effect of BSI in clinical practice.
 Implementation of BSI in clinical practice would be fairly easy. As opposed to the 
dual energy subtraction radiography technique to suppress bones, digital bone 
suppression does not require dedicated hardware, does not lead to an increase of 
effective radiation dose, can be used on every frontal radiograph, including bedside 
images, and does not suffer from motion artifacts. All radiographs can be processed 
and reviewed in a Picture Archive and Communication System (PACS) environment. 
We have shown in Chapter 9 that reading time is not prolonged when the bone 
suppressed images are read together with the original radiographs. Therefore, no 
major changes in workflow are needed. 
 The reading methodology could be standardized. In our studies we used stacked 
positioning of the BSI. This means that the BSI appeared in the exact same position 
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as the original radiograph. The radiologists can then toggle between the two images 
to easily review corresponding areas. Other studies displayed the bone suppressed 
image on a different monitor15,16. We think that BSI should seamlessly fit in the current 
workflow, and should literally not be further away than one click on the mouse or one 
stroke on the keyboard.
 According to our studies we believe that beneficial effects of BSI can be expected 
in diseases that present with focal abnormalities on chest radiographs. BSI will not 
have a negative effect on the characterization of diffuse abnormalities. Proper training 
might be needed to minimize overcalling of focal lesions in normal patients. Our 
studies have been performed in a research environment. Future studies are needed 
to further investigate the effect of BSI in clinical practice.
Computer-Aided Detection
Current FDA approved CAD systems are registered for use as a second reader. In the 
second reader paradigm, the radiologist first interprets the image, whereupon 
suggested suspicious areas by CAD can be accepted or dismissed. In this thesis we 
have shown that CAD as a second reader has a significant added value for the 
detection of lung nodules, even when bone suppressed images together with original 
CXRs are being used as a standard. However, there exists a contradiction in the 
literature about the improvement in performance with the use of CAD for the detection 
of lung nodules in CXRs. Most studies were able to find an increase in sensitivity for 
the detection of lung nodules using CAD12,30-35. However, several studies also reported 
a decrease in specificity, resulting in negligible effect of CAD on the overall detection 
performance36-39. The improvement with CAD seems to be highly dependent on 
image quality, the case set, and the expertise of the observers. Radiologists find it 
hard to discriminate between TP and FP CAD marks. Therefore we explored new 
ways of using CAD information that are less dependent on the human-CAD interaction.
 The low specificity of CAD systems results in many marks to be inspected by the 
radiologist, which leads to a lower specificity when radiologists accept FP CAD 
marks. Therefore we explored the use of an interactive CAD system to reduce the risk 
of lowering specificity. In this interactive system CAD marks remain hidden unless 
their location is queried by the radiologist. In our experiment we found that such a 
system indeed decreased the exposure to FP CAD marks. On average only 84 FP 
CAD marks, instead of the 299 FP CAD marks in the traditional reading with CAD, 
were reviewed. However, this did not result in an improved performance, since also 
fewer true lesions were found in the reading with CAD. Also the radiologists did not 
query many lesion locations. This result suggests that the proportion of oversight 
errors in the detection of lung nodules in chest radiographs might be larger than 
previously assumed. The assumptions made on the proportion of oversight and 
interpretation errors are based on some eye-tracking studies. In these studies they 
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considered a dwell time of 1 second enough for conscious perception of the lesion. 
If the radiologists did not mark lesions that exceeded this dwell time threshold was 
counted as an interpretation error. It may be that this method underestimates the true 
number of oversight errors. Longer dwell times might therefore be needed for 
conscious perception of lesions in chest radiographs.
 Another alternative to reduce the detrimental effects of a low specificity of CAD 
systems is to exclude the human interpretation of CAD marks from the reading process. 
We tested such an approach by combining the interpretation of the radiologist with the 
results of the CAD system in the background. The CAD system now functions as a 
second independent reader. This reading paradigm would require a change in reporting 
by the radiologist. In order to combine the results of the radiologist and CAD system, 
the radiologist would need to assign ratings to suspicious areas in the image, similar to 
the BI-RADS scoring system in breast imaging. When the interpretations of radiologist 
and CAD are being combined we found a significant increase in detection performance 
that exceeded the performance with CAD as a second reader. Although the stand-alone 
performance of the CAD system we had available is still worse than the weakest 
radiologist in our study, performance increased for 11 out of 12 participating radiologists. 
In contrast, many radiologists decreased in performance when combined with a 
weaker human observer. The combination of CAD and radiologist represents therefore 
a strong and more objective combination. With an improved CAD system that reaches 
the performance of a weak radiologist, as we demonstrated in mammography, the 
combination of CAD and observer will further improve, and be on average similar to a 
combination of two radiologists. Practical usage of such system has yet to be 
investigated. As a first step it would require a change in reporting by the radiologists. 
Also potential legal issues have to be resolved, since in this scenario the final result will 
be a computed result. Moreover, the CAD systems have to be tested in a different way 
before being approved as clinically acceptable devices. All in all, using CAD as an 
independent second reader offers the potential to improve reader performance, without 
drastically interfering with the reading process. Even the best observers increase in 
performance, and this increase in performance comes with little costs.
 Since application of a CAD system that influences the input of the radiologist 
may be problematic in the near future, we looked at other options for implementing 
CAD in current clinical practice. It was found that a CAD system at very high specificity 
settings was still able to detect lesions that were missed in clinical practice. Such a 
system may help the radiologist to detect the more suspicious lesions, those that 
probably would be classified as obvious lesions since CAD detects them so well. 
Missing obvious lesions is to be avoided at all times and may have costly legal 
implications. Although such use of the CAD system will not help to detect all lesions, 
only minor effort by the radiologist is needed with a high chance to pick up few 
additional important findings.
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 CAD systems can be easily integrated into clinical practice, and used in the 
PACS environment. However, the FDA approved system we used in this thesis is 
currently only meant to be used as a second reader. Therefore, the other proposed 
CAD applications should be further tested in a clinical environment. With the proposed 
use of CAD as a second reader the review time will slightly increase. The workflow 
with a CAD system demands that the radiologist reviews the CAD marks after the 
normal interpretation process. Reading time therefore inevitably lengthens. Alternative 
use of CAD, such as the interactive CAD system, may shorten the reading time. 
Besides, more experience with the CAD system will also shorten the reading time. 
However, clinical studies are needed to quantify the burden on the workflow. But 
more importantly future research will have to show the effect on detection performance 
in clinical practice, and the effect of CAD usage on the number of secondary referrals 
to CT for further diagnostic work-up.
Further optimization of the CXR exam with advanced processing
The advanced processing tools for chest radiography are still quite young. We have 
seen a steady improvement of bone suppression software and computer-aided detection 
systems over the last decade. With increasing computer power and increasing 
knowledge, improvement of these diagnostic aids can be expected in the near future, 
and thereby further optimization of the diagnostic yield of chest radiographs.
 Future research could concentrate on the reduction of suppression artifacts. In 
the upper lung fields, where multiple bones (posterior and anterior ribs and clavicles) 
cross each other, the software sometimes has difficulties to suppress all bone 
structures. Also calcification of the sternoclavicular joints is usually not recognized by 
the software and does sometimes create pseudolesions that could be called positive, 
especially by less experienced readers. A previous study showed that dual energy is 
still a little bit ahead of digital bone suppression16. This suggests that further 
improvement of the software is possible. The current software however, is already of 
good quality and can be used in clinical practice. Since testing of the software is 
mainly done in study environments the next step would be to test the effect of BSI in 
clinical practice. A large prospective clinical study is needed, in which secondary 
referral rates to CT for the work up of focal lesions should be included as outcome 
measures.
 Already significant improvements of the CAD system have been made in the last 
decade. When looking at the performance of several CAD systems on a public 
database, the number of false positives per image has been reduced tenfold, while 
retaining a high sensitivity that is comparable to radiologists40-47. However, current 
CAD systems are still much less specific than radiologists. Following up on findings 
suggested by an inferior CAD system can be compared with following the judgment 
of an unknowledgeable person. Therefore, besides the general lower trust in 
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computers judgments by humans48, radiologists find it hard to take advantage of 
such an inferior CAD system. We believe that the specificity of CAD systems for lung 
nodule detection could be substantially improved by relatively small efforts. In chapter 
8 we analyzed a series of suspicious CAD marks. We recognized many FP markings 
that were caused by foreign objects. This shows that the currently available software 
is still far from optimal. With an additional false positive reduction step these obvious 
false positives could be eliminated. Thus a continuation of software improvement 
seen over the last 10 years can be expected also in the future. Increasing computer 
power will also make more complex learning methods available.
 Finally, also other advanced processing techniques that were not discussed in 
this thesis may further optimize the CXR exam. Temporal subtraction is currently the 
most important one on the market. Temporal subtraction is used to visualize changes 
over time. Subtracting two chest x-rays of the same patient, after registration of the 
two images, results in an image in which changes stand out as dark or white spots. 
Better registration algorithms have markedly improved the quality of these subtraction 
images. In Japan, the temporal subtraction technique has already shown its added 
value in a lung cancer screening study49. Temporal subtraction can be very valuable 
in a situation where patients are offered an annual chest radiograph. Since the most 
prominent artifacts in temporally subtracted images are caused by a mismatch of rib 
structures, the use of bone suppressed image in temporal subtraction provides an 
obvious way to improve the quality of the subtraction images.
Lung Cancer Screening with CXR
Is it too late to discuss the use of CXR for lung cancer screening? The National Lung 
Cancer Screening Trial (NLST) showed a 20% mortality reduction for lung cancer 
screening using low dose CT compared to using chest radiography50. For the first 
time, a lung cancer screening study could proof statistically significant reduction of 
overall mortality. Meanwhile large professional American organizations have 
recommended to conduct lung cancer screening and it is expected that lung CT 
screening will be reimbursed in the US as of 2015.
 Nevertheless there are still a number of critical issues to be discussed. First of all 
the number of chest CT scans acquired for screening will be enormous. The US 
Preventive Services Task Force (USPSTF) now recommends lung cancer screening 
for males and females that are between the age of 55 and 80, have a 30 pack-year 
smoking history and currently smoke or have quit within the past 15 years. Using the 
NLST criteria with a lower age criterion (50y - 74 y) already 9 million people in the US 
meet the lung cancer screening criteria51. Assuming that an interpretation of a CT 
scan would take 5 minutes on average, you would need 86 radiologists 24 hours a 
day working 365 days a year, or more realistically, 469 radiologists working full time 
in the US. Applying traditional work flow and organization, expenses would be 
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enormous. It is therefore likely that new and different means of data-acquisition, 
reading and management have to be created in which computers will play an 
important role. Even with such support, it is evident that reading chest radiographs is 
an order of magnitude faster than reading CTs.
 Second, CT is very sensitive to detect any nodular densities but not sufficiently 
specific. Previous studies revealed a large number of false positive screens. It was 
calculated that 320 people needed to be screened to prevent 1 lung cancer death. 
Moreover, one third of the screened population in NLST had a false positive CT scan, 
meaning it contained a nodular lesion that needed to be followed but eventually was 
benign. Although new knowledge has been gained about which nodules may be 
negligible and which not (e.g., perifissural nodules representing small intrapulmonary 
lymph nodes52 and the recommendation to lower the size threshold of lesions that 
should be followed from 4 to 6 to 8mm dependent on the type of nodule53-55, still 
many benign nodules will be followed unnecessarily.
 Third, current CT screening will only pick up a portion of all the lung cancers. 
Only a quarter of the patients currently diagnosed with lung cancer meet the NLST 
criteria for lung cancer screening56. Still many lung cancers are thus being missed, 
using the NLST criteria. Broadening of the criteria to include those with lower risk 
would increase the number of eligible people, resulting in more workload and less 
cost-effectiveness.
 Fourth, finding cancers smaller than one centimeter may not necessarily improve 
patient outcome. It is true that there is a correlation between tumor size and the risk 
for metastases as mirrored by the TNM staging. Similarly, histopathological studies 
have shown that the larger the solid core in a subsolid nodular lesion, the larger the 
risk for an invasive adenocarcinoma. Nevertheless, up to now it is unknown whether 
and to which extent resection of (much) smaller lesions (screening detected by CT) 
results in further (significant) improvement of patient outcome in terms of disease free 
survival and overall survival. It has to be noted that the average size of the tumors 
found in the NLST trial was 23 mm57, and thus could be also detected by chest 
radiography.
 Finally, there is the issue of radiation dose. CT scans require a higher radiation 
dose than chest radiographs. Although many dose reduction algorithms have been 
developed, the screened population in the NLST received an annual CT scan with an 
effective dose of 1.5 mSv50, which is still 30 times higher than a PA and lateral chest 
radiograph together (0.05 mSv). It is noted that in these figures radiation dose is 
underestimated, because it is not considered that many participants had false 
positive screening results, especially in the CT screening arm, resulting in additional 
CT scans, and higher dose administered to the patients.
 Because of these shortcomings of lung cancer screening with CT, one may 
speculate about the possible application of chest radiographs for lung cancer 
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screening. No one will deny that chest radiographs are inferior to chest CT scans as 
it comes to the detection of disease. However, it has to be noted that the studies 
evaluating CXR and / or sputum analysis for lung cancer screening with negative 
results are more than 10 years old and did not use most recent radiographic technique 
in terms of acquisition and processing58,59. The control arm in the NLST received an 
annual chest radiograph for three years with up to date radiographic technique. 
Unfortunately there was no arm that did not receive any imaging, and therefore it 
remains unknown if an up-to-date chest radiographic technique would lead to a 
mortality reduction. In the NLST, CT screening proved to be superior to CXR screening 
as it comes to lung cancer mortality reduction. However, the NLST was not designed 
to show a mortality reduction with the application of chest radiographs. The NLST 
had only three screening rounds and a relatively short follow up, which is favorable for 
CT. The strength of CXR lies in repetitive application over a long period of time, to 
detect changes over time. Only 3 years of screening with CXR might not be enough 
to pick up enough cancers at an earlier stage to be able to compete with CT. However, 
that does not mean that CXR will show similar positive effects as CT after a longer 
period of time, but then at lower expenses, less radiation dose and for a broader part 
of the population.
 Perhaps more important and directly applicable in the context of discussing the 
detection performance of early lung cancer is the fact that both advanced processing 
methods, BSI and CAD, have the realistic potential to compensate for human visual 
insufficiency and to considerably reduce the rate of missed diagnosis due lack of 
attention or lack of experience of the radiologist, as illustrated by the results of our 
thesis. In addition, inter-reader variability is substantial when it comes to the reliable 
detection of small nodular lesions. In that respect the alternative use of CAD as 
independent second reader revealed interesting results. It is interesting that first 
initiatives are made to use advanced processing for lung cancer screening26. 
Although lung cancer screening will now start with low dose CT, it might be interesting 
to perform studies comparing an optimized CXR to CT. This could be done parallel to 
current implementations of low dose CT screening to yield further insights into that 
matter. The gap might be smaller than anticipated which has to be outweighed 
against costs, availability and radiation dose. A precondition for such an endeavor 
however would be a further improvement of CAD with respect to sensitivity and 
specificity.
2020
It is interesting to estimate the degree of potential improvement to be expected in the 
future. To be able to estimate the “maximum content” visually available in chest 
radiographs we combined the performance of multiple radiologists. The difficulty of 
the interpretation of the chest radiographic exam is reflected in a large inter-reader 
191
SUMMARY AND DISCUSSION
variability in detection performance. Some radiologists report lesions that others do 
not report, and the same radiologist may act differently at different time points. 
Because radiologists identify different lesions, combining their opinions offers the 
option to increase the overall detection performance. In our largest observer study 
with CAD, the mean sensitivity of a group of radiologists for detecting suspicious lung 
nodules was 64%. There was a wide range in detection performances with a sensitivity 
of 45% for the worst radiologist, up to 78% for the best radiologist. By combining 
multiple radiologists, a reader that comes close to the “ideal observer” was created 
– approaching the maximum of what is visually extractable from the chest radiograph. 
By combining twelve radiologists, in our study the mean sensitivity increased from 
64% to 82% (Figure 1). Note that this is an increase in mean sensitivity of 28% 
compared with the performance of the average radiologist, without a loss of 
specificity. When only the best observers were combined, an even higher overall 
performance was achieved. We also found that adding CAD to a combination of 12 
Figure 1  Detection performance when multiple observers are being combined. A combination 
of twelve observers outperforms the performance of a single radiologist and also the performance 
of the best radiologist in our study.
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radiologists still improved overall detection performance, indicating the added value 
of CAD as a second observer because it still finds lesions that radiologists usually 
do not find. These results show that chest x-rays contain much more information 
then usually is extracted by the radiologist. The chest radiographic exam should 
therefore not be underestimated and more effort appears to be worthwhile to 
optimize interpretation skills. On the other hand, the fact that the CXR contains a lot 
of information should stimulate companies and researchers to improve software 
algorithms for the detection of lung nodules. There is enough information in the image 
to improve the interpretation to a level that is higher than that of the best radiologist.
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De röntgenfoto van de thorax is het meest gebruikte onderzoek binnen de radiologie 
(bijvoorbeeld meer dan 120 miljoen opnames per jaar in de Verenigde Staten). Deze 
thoraxfoto’s worden gebruikt om cardiopulmonale ziekten op te sporen of uit te sluiten, 
maar ook om patienten te vervolgen en het effect van behandelingen te monitoren. 
Daarnaast zijn thoraxfoto’s belangrijk voor de detectie van longkanker. De prognose 
van patiënten met longkanker verbetert sterk wanneer de longkanker in een vroeg 
stadium wordt ontdekt. Toch wordt circa 20 % van de longcarcinomen gemist op 
thoraxfoto’s, hoewel deze retrospectief wel degelijk zichtbaar waren op de opname. Dit 
soort gemiste kansen kan leiden tot een vertraagde diagnose en een slechtere prognose 
wanneer bij de diagnose de longkanker zich in een later, moeilijker behandelbaar, 
stadium bevindt. Daarbij zijn gemiste diagnosen van longkanker een van de meest 
voorkomende aanklachten tegen radiologen. Er zijn verschillende oorzaken voor het 
missen van een longkanker op een thoraxfoto. Naast de kwaliteit van de opname, de 
grootte en de zichtbaarheid van de laesie, spelen overprojectie van anatomische 
structuren (zoals ribben), de aanwezigheid van andere afwijkingen en natuurlijk de 
expertise van de radioloog een belangrijke rol. Dit alles binnen de kaders van de 
perceptiemogelijk heden van de mens.
 Overprojectie van anatomische structuren, vooral ribstructuren en claviculae, is een 
van de belangrijkste oorzaken voor het missen van longkanker op thoraxfoto’s. Dit is 
een reden geweest om een software programma te ontwikkelen dat deze ribstructuren 
kan onderdrukken op de thoraxfoto, zonder daarbij de onderliggende longvelden te 
veranderen. Hiermee kunnen afwijkingen die worden geobscureerd door ribben beter 
zichtbaar gemaakt worden, en wordt een beeld gegenereerd dat er rustiger uit ziet. 
Deze ribsuppressie beelden kunnen vervaardigd worden van elke voorachterwaartse 
thoraxfoto, zonder dat er extra stralingsdosis hoeft worden toegediend aan de patiënt 
of speciale hardware nodig is om de ribsuppressie beelden te maken.
 In de eerste hoofdstukken van dit proefschrift wordt het effect van deze rib -
suppressie software, commercieel geëxploiteerd door Riverain Technologies, op de 
detectie van focale afwijkingen (zoals longkanker) in de longen, maar ook meer diffuus 
verspreide afwijkingen in thoraxfoto’s behandeld. In hoofdstuk 2 wordt de detectie 
van long nodules, potentiële longkanker in een vroeg stadium, getest met behulp van 
rib suppressiebeelden. Driehonderd thoraxfoto’s werden beoordeeld door acht radiologen. 
Op 111 van de 300 opnames was een solitaire nodule zichtbaar met een gemiddelde 
diameter van 16mm (8-35mm). Alle afwijkingen, maar ook de afwezigheid van afwijkingen 
in normale foto’s, waren bevestigd met een CT scan. De detectie van de tumoren 
door de radiologen zonder en met ribsuppressie werd gemeten. We vonden een 
significante verbetering in tumor detectie wanneer ribsuppressie beelden worden 
toegevoegd aan de originele thoraxfoto’s. Deze verbetering wordt met name gezien 
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bij een hoge specificiteit, die nagestreefd wordt in de klniische praktijk (p=0,0007), 
en voor foto’s die een gemiddeld tot moeilijk zichtbare nodule bevatten. Bij een vaste 
specificiteit van 90%, zagen we een verbetering in sensitiviteit van 66% naar 71%. Een 
ieder van de participerende radiologen presteerde beter met behulp van ribsuppressie.
 Hoofdstuk 3 gaat over de detectie van invasieve pulmonale aspergillose op 
thoraxfoto’s. Deze ziekte presenteert zich ook met focale afwijkingen op de thoraxfoto 
en komt voor bij immuungecompromitteerde patiënten met hoge comorbiditeit. In 
deze studie werden zowel staande thoraxfoto’s als bedopnames geincludeerd. De 
over het algemeen lagere kwaliteit van de thoraxopnames en de hoge comorbiditeit 
bij de patienten bemoeilijkt de detectie van de afwijkingen. In totaal werden 220 
longen beoordeeld door 7 lezers, zowel zonder als met behulp van ribsuppressie. De 
sensitiviteit verbeterde van 49% naar 66% wanneer de lezers over ribsuppressie 
beelden beschikten. De specificiteit daalde echter van 95% naar 90%. Receiver 
operating characteristics (ROC) statistiek, waarbij zowel de sensitiviteit als specificiteit 
mee worden genomen in de statistische analyse, liet een significante verbetering zien 
wanneer de thoraxfoto’s met behulp van ribsuppressie beoordeeld werden (p=0.01). 
Slechts één lezer presteerde slechter met ribsuppressie in deze studie.
 In hoofdstuk 4 hebben we gekeken naar het effect van ribsuppressie op 
verschillende, zowel focale als diffuse, veel voorkomende afwijkingen op thoraxfoto’s. 
Omdat in de klinische praktijk maar een klein proportie van de thoraxfoto’s focale 
afwijkingen bevat zoals long nodules of aspergillus infecties, is het belangrijk om te 
weten wat het effect van ribsuppressie op andere veel voorkomende afwijkingen is. 
Ribsuppressie is ontwikkeld met de bedoeling om de detectie van focale laesies te 
verbeteren. Onze hypothese in deze studie was dan ook dat ribsuppressie niet zal 
bijdragen aan de detectie van diffuse afwijkingen, maar tevens geen negatieve 
invloed heeft op de detectie van deze diffuse afwijkingen. In deze studie werden 261 
voorachterwaartse en laterale thoraxfoto’s beoordeeld door zes radiologen (inclusief 
radiologen in opleiding). De serie thoraxfoto’s bestond uit 110 normale opnames, 66 
opnames met kleine focale afwijkingen, 33 met grote focale afwijkingen, 49 met 
diffuse afwijkingen, 29 opnames met tekenen van overvulling. Sommige thoraxfoto’s 
bevatte meer dan één soort afwijking. In de resultaten zagen we dat de radiologen 
significant meer kleine focale afwijkingen rapporteerde met ribsuppressie (p=0,01). 
Tegelijkertijd werd de detectie van diffuse afwijkingen of overvulling niet significant 
beïnvloed door ribsuppressie (p=0,32 en p=0,16). Helaas werden er wel meer focale 
afwijkingen gerapporteerd in de normale opnames, na beoordeling met ribsuppressie 
(p=0,04). Dit laatste komt vermoedelijk deels doordat de radiologen die ribsuppressie 
alleen nog maar in studieverband hadden gebruikt.
 Naast ribsuppressie beelden is ook een automatisch detectie system (computer-
aided detection; CAD) ontwikkeld om het aantal gemiste long nodules op thoraxfoto’s 
te verkleinen. Het CAD systeem geeft middels cirkels verdachte gebieden aan in de 
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thoraxfoto. Voorgaande studies hebben aangetoond dat het CAD systeem afwijkingen 
kan detecteren die gemist waren door de radioloog. Dit biedt dus mogelijkheden om 
de detectie prestatie van longkanker in thoraxfoto’s te verbeteren. In onze studies 
hebben wij de meest recente versie gebruikt van het CAD system van Riverain 
Technologies.
 Hoofdstuk 5 gaat in op het gebruik van automatische detectie (CAD) van 
longkanker als hulpmiddel bij het beoordelen van de thoraxfoto’s. Dit hulpmiddel 
werd toegevoegd aan het eerder bestudeerde hulpmiddel: ribsuppressie. Acht 
radiologen bekeken eerst thoraxfoto’s met potentiele longkankers met behulp van 
ribsuppressie. Daarna werden dezelfde foto’s opnieuw beoordeeld nadat het compu-
tersysteem verdachte gebieden in de thoraxfoto had aangegeven met cirkels. De 
radiologen presteerden significant beter, wanneer ze geholpen werden door het 
automatische detectie systeem. ROC statistiek, waarin locatie werd meegenomen, 
liet een significante vergroting van de area under the curve zien (p=0.0001). Ondanks 
dit mooie resultaat werden nog steeds veel markeringen van reële afwijkingen 
genegeerd door de radiologen, en dus niet overgenomen in hun conclusie.
 Om nog meer voordeel te halen uit het automatische detectie systeem hebben 
we verschillende andere methoden onderzocht. In hoofdstuk 6 behandelen we het 
effect van een interactief computer systeem en het effect van een onafhankelijke 
combinatie van de computer en de beoordeling van de radioloog. Bij het interactieve 
computerdetectie systeem blijven de bevindingen van de computer verborgen, tenzij 
de radioloog vraagt om feedback van het computer systeem op een bepaalde locatie 
in de thoraxfoto. Met zo’n systeem wordt de radioloog niet geconfronteerd met 
markeringen van het computer systeem, welke de radioloog onverdacht vindt. Dit 
zagen we ook terug in de resultaten. Slechts 143 locaties van markeringen van het 
computer systeem werden gemiddeld geraadpleegd door de radioloog, terwijl met 
het conventionele systeem 299 markeringen getoond worden aan de radioloog. 
Helaas vonden we geen verbetering in prestaties met het gebruik van dit interactieve 
systeem (pAUC 0.128 zonder CAD versus pAUC 0.128 met CAD). Hoewel er minder 
fouten werden gemaakt door de radiologen, werden ook minder longkankers 
gerapporteerd. Een onafhankelijke combinatie van het computerdetectie systeem en 
de radioloog liet wel een significante verbetering zien voor de detectie van longkanker 
(pAUC 0.137; P=0.006). Gemiddeld werden 70 van de 85 laesies gevonden door 
zowel de radioloog als het computerdetectie systeem. Het merendeel van de fout 
positieve bevindingen van de radiologen, werd niet gemarkeerd door het computer 
detectie systeem.
 In hoofdstuk 7 hebben we de mogelijkheden van onafhankelijk combineren van 
radioloog en computer verder onderzocht. Hierbij werd ook data geincludeerd van 
een studie naar de detectie van borstkanker in mammogrammen. In dit hoofdstuk 
worden de prestaties van een combinatie van computer en radioloog vergeleken met 
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de prestatie van de radioloog alleen, de radioloog die gebruik maakt van het CAD 
systeem op de traditionele manier en vergeleken met de prestatie van twee radiologen 
samen. Voor zowel thoraxfoto’s als mammogrammen vonden we een significant 
betere detectie van kanker bij een onafhankelijke combinatie van computer en 
radioloog. Bij mammografie was de combinatie van computer en radioloog significant 
beter dan het traditionele gebruik van het CAD systeem, en was even goed als een 
combinatie van twee radiologen. Voor de beoordeling van thoraxfoto’s, was de 
combinatie van computer en radioloog beter dan wanneer de radioloog zelf de CAD 
markeringen beoordeelt, echter niet significant. Voor de studie met thoraxfoto’s was 
de onafhankelijke combinatie van computer en radioloog over het algemeen slechter 
dan een combinatie van 2 radiologen, hoewel de detectie prestaties in dezelfde orde 
van grootte waren. 23 van 24 radiologen hadden baat bij het onafhankelijk toevoegen 
van een computerbeoordeling. Zelfs de beste radiologen hadden hier voordeel van. 
In tegenstelling tot bij de combinatie van 2 radiologen; 9 van 24 radiologen werd slechter 
wanneer zijn beoordeling werd gecombineerd met een beoordeling van matig 
presterende radioloog.
 In hoofdstuk 8 hebben we de toegevoegde waarde van een CAD systeem met 
een zeer hoge specificiteit onderzocht. Voor elke CAD markering wordt door het 
systeem de mate van verdenking uitgedrukt in een score. Wanneer deze score hoog 
genoeg is wordt de markering getoond aan de radioloog. Deze drempelwaarde in 
het systeem kan worden aangepast, zodat de sensitiviteit, maar ook de specificiteit 
van het CAD systeem verandert. In deze studie hebben we de drempelwaarde 
dusdanig hoog ingesteld, zodat het CAD systeem zeer specifiek wordt. Hierdoor 
wordt automatisch de sensitiviteit van het systeem verlaagd, waardoor het systeem 
de radioloog niet zal helpen alle tumoren te vinden, maar het kan in ieder geval 
voorkomen dat duidelijke zichtbare afwijkingen worden gemist. Om het nut van zo’n 
CAD systeem met hoge sensitiviteit te onderzoeken hebben we 11.109 thoraxfoto’s 
gemaakt in 2009 in het Radboudumc te Nijmegen verzameld. Al deze casus werden 
door het CAD systeem beoordeeld en alleen de thoraxfoto’s met een hoge verdenking 
op een tumor (CAD score ≥80) werden geanalyseerd. 806 CAD markeringen van de 
in totaal 29.152 CAD markeringen kreeg een score van 80 of hoger. Van deze 806 
markeringen verwezen 331 naar abnormaliteiten in de thoraxfoto. Deze bestonden uit 
148 tumoren, 97 andere significante afwijkingen en 86 niet-significante afwijkingen. 
Verder maakte het CAD systeem 475 fout-positieve markeringen. Deze meeste 
hiervan (341) waren duidelijke fout-positieven, en waren voornamelijk markeringen van 
electrocardiogram stickers. De andere fout-positieve markeringen (134) werden ge-
classificeerd als echte fouten van het systeem. De bevindingen van het CAD systeem 
werden vergeleken met de beschikbare radiologische rapportage van de beelden. 
In totaal waren 2 tumoren en 4 andere significante afwijkingen niet gerapporteerd 
door de radioloog in de originele rapportage. Nog eens 3 tumoren die waren 
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gedetecteerd door het systeem, waren wel genoemd in de rapportage, maar geduid 
als niet-significante afwijking. Deze analyse laat zien dat een CAD systeem, ingesteld 
op een zeer hoge specificiteit (0,04 FP/beeld), nog steeds toegevoegde waarde kan 
hebben in de kliniek. Hiervoor hoeven dan maar enkele CAD markeringen per dag 
beoordeeld te worden. In dit hoofdstuk hebben we ook gekeken of het CAD systeem 
gebruikt kan worden om normale thoraxfoto’s te identificeren, zodat deze niet meer 
beoordeeld hoeven te worden op de aanwezigheid van tumoren op de foto. In 500 
random geselecteerde cases zonder een CAD markering, werden alsnog 8 tumoren 
aangetroffen, die wel waren gerapporteerd door de radioloog. 4 van de 8 ‘gemiste’ 
tumoren waren niet zichtbaar op de thoraxfoto. De andere 4 waren of heel groot, waren 
tumoren gelokaliseerd in het aortapulmonale venster of tegen de pleura aangelegen. 
Het CAD systeem is dan ook niet geschikt om foto’s te excluderen van een radio -
logische beoordeling, hoewel het systeem dus wel gebruikt kan worden als verzekering 
voor de radioloog, die zelf de duidelijke afwijkingen er gemakkelijk uithaalt.
 In dit proefschrift zijn meerdere lezer-studies verricht met radiologen. Bij de opzet 
van zo’n studie is het belangrijk een goed leesmodel te kiezen. In hoofdstuk 9 hebben 
we onderzocht of verschillende leesmodellen, sequentieel en onafhankelijk lezen, 
invloed hebben op de resultaten van de studie en de statistische kracht van de studie. 
We vergeleken de sequentiële opzet en de onafhankelijke opzet aan de hand van 
vier beoordelingen van dezelfde 300 thoraxfoto’s. We konden geen significante bias 
aantonen voor de sequentiële leesmethode. De sequentiële leesmethode is minder 
omslachtig, kost minder tijd en heeft meer statistische kracht in vergelijking met de 
onafhankelijke leesmethode.
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